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Executive Summary 
Fire is arguably the most important and widespread agent of ecosystem disturbance 

worldwide. It affects the Carbon cycle, is a control on ecosystem structure, and can potentially 

impact humans both directly and indirectly.  

 

There is a long history of using Earth Observation (EO) data in monitoring wildfires that has 

led to the development of operational products measuring fire occurrence. These tend to use 

thermal and/or optical observations to denote an area as being affected by fire if, for instance, 

the thermal signature is high or the reflectance in near infrared (NIR) or middle infrared (MIR) 

follows the patterns expected of fire impacts. In recent years, more refined information from 

time series of thermal observations has allowed the calculation of Fire Radiative Energy that 

can be related to Carbon release due to fire.  

 

 
3D modelling of wildfire impact developed in this study 

 

Various researchers have attempted to characterise fire ‗severity‘ from optical data — usually 

focusing on a change in a normalised ‗burn ratio‘ (NBR) from satellite measurements in the 

NIR and MIR. Such measures have been criticised because: (i) they have no direct physical 

meaning (they require local calibration for interpretation); (ii) they do not make full use of 

available spectral information; and (iii) they can be far from optimally related to fire impacts.  

 

An additional consideration is that high temporal resolution observations help in monitoring 

several types of wildfire. But this tends to imply the use of moderate spatial resolution data. 

This in turn generally implies that the observations will be taken under varying viewing and/or 

illumination geometries. While it is well known that satellite reflectance varies as a function of 

such geometries (‗BRDF effects‘) and there are several quite straightforward methods for 

taking these into account, studies involving NBR tend to ignore such effects. Further, if 

moderate or coarse spatial resolution optical data are to be used to monitor fires, the sum of 

pixels identified as ‗fire affected‘ will over-report the area affected if fire only affects a 

proportion of the area viewed. While this will be somewhat mitigated by reporting algorithms 

missing some small fires it leads to a rather uncontrolled strategy for estimating ‗burned area‘. 

In addition, the proportion of a pixel affected and/or the impact of the fire within that area will 

strongly condition the detectability of a fire and is therefore important information to carry 

through to further uses of the derived information. 
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This study develops and applies radiative transfer models of wildfires‘ impact on vegetation to 

refine the information derived from optical EO data regarding fires. The study‘s central theme 

is the development of a method to estimate the product of the fractional area of a pixel 

affected by a fire (f) and a radiometric definition of combustion completeness (cc). The 

derived product is termed fcc. Such a measure overcomes many of the issues raised above and 

would be an extremely useful addition to ‗burned area‘ mapping algorithms. It could also 

potentially be integrated into detection algorithms, although that feature is not explored in 

great depth in this study. 

 

The algorithm for fcc proposed here follows from considering a linear spectral mixture model: 

 

Reflectancepre-fire – Reflectancepost-fire = fcc (Reflectancepre-fire – Reflectanceburn)   

 

fcc can be calculated by measuring the pre- and post-fire reflectance (Reflectancepre-fire and 

Reflectancepost-fire respectively) and characterising the ‗burn reflectance‘ (Reflectanceburn) at 

several wavebands, under the same viewing and illumination geometries. While more 

complicated formulations might be considered, the linear statement is particularly appropriate 

for considering sub-pixel area affected. Since this model relates the change in reflectance to 

fcc, it does not require explicit treatment of those spectral components not directly related to 

the fire impact. The key to using this simple model lies in defining a generic spectral model of 

‗burn reflectance‘. This is achieved by assuming the impact of wildfire to be the translation of 

a pre-fire spectral signal to some combination of char, ash and/or exposed (dry) soil. A two-

parameter (linear) model capable of achieving this is defined and tested in this study.  

 

Since the imaging geometries need to be the same for pre- and post-fire signatures, BRDF 

modelling must form the backbone of any algorithm exploiting the model. Well-developed 

practical solutions are presented and demonstrated for dealing with these issues. The algorithm 

is tested using a range of data types and modelling studies, and demonstrated using moderate 

spatial resolution satellite data. The radiative transfer modelling details the importance of 

multi-layer canopy effects in fire impact modelling and shows that such effects can sometimes 

complicate the interpretation of fcc. For example, if the fire impacts are limited to a vegetation 

understorey, the derived parameter takes on an effective value, involving a modulation by the 

proportion of viewed and sunlit understorey relative to the total sunlit proportion of the pixel 

viewed in a particular angular configuration. This ‗blocking factor‘ is inevitable when using 

optical data to explain the ‗fire signal‘, but has rather interesting angular signatures that offer 

some potential for differentiating between fires that affect the whole canopy (all layers) and 

those that affect only an understorey. 

 

Significant additional aspects of this study have been: (i) the development of a 3D optical 

radiative transfer model of fire impact (illustrated below); (ii) new measurements of Fire 

Radiative Energy (FRE), combusted fuel, and emission factors from savanna fires; (iii) the 

application of the fcc algorithm described above to MODIS and CHRIS-PROBA data; (iv) an 

initial comparison between combusted biomass estimated using fcc and FRE; (iv) a set of 

recommendations relating to further research directions and the application of the models 

developed to ESA and related sensors. 
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ETM:  Enhanced Thematic Mapper 

F (f):  Fractional area affected by fire  

fAPAR:  Fraction of absorbed photosynthetically active radiation (PAR) 
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1 Introduction 
This document is written as the final report to the ESA project ―Radiative Transfer Modelling 

for the characterisation of natural burnt surfaces‖, AO/1-5526/07/NL/HE. It was conducted by 

a European team of remote sensing and vegetation modelling scientists with important 

contributions from our colleague in the USA. The study received much support from Fire 

Ecologist colleagues in South Africa, particularly regarding associated fieldwork. The lead 

organisation is part of the UK NERC National Centre for Earth Observation (NCEO
1
) 

(formerly Centre for Terrestrial Carbon Dynamics
2
, a Centre of Excellence in Earth 

Observation) providing a wider context for this work. 

 

The aim of the study was to develop optical radiative transfer models of the impact of wildfire 

on vegetation and to apply these models to infer information on the impact of fire. In this 

work, we have taken both a pragmatic view of the problem (developing a simple model that 

can readily be applied to satellite data) and a more detailed physical view (developing detailed 

3D radiative transfer model). We recognise that the importance of such models should be that 

they can be applied across the optical spectrum and therefore form a basis for combining 

information from different EO sensors. We further recognise that optical data for fire 

monitoring is greatly enhanced by considering its integration with thermal data, and therefore 

seek to develop strategies and models that will permit this. 

                                                 
1
 http://www.nceo.ac.uk/ 

2
 http://ctcd.group.shef.ac.uk/ctcd.html 
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2 Review of Remote Sensing of Fire 

2.1 Introduction 

The main purpose of the section is to provide a review of the main issues associated with and 

current status of remote sensing of natural burnt surfaces.In particular, it covers: a background 

review of the role of fire in the environment; a review of remote sensing of carbon and other 

compounds released by fire; a review of Remote Sensing of fire ecology; a review of 

physically-based modelling approaches to characterising biophysical parameters relevant 

wildfires (optical and small portion of thermal); and a summary of current status. 

2.2 The role of fire in the environment 

Fire is arguably the most important and widespread agent of ecosystem disturbance worldwide 

(Bond et al. 2005). Natural and anthropogenic biomass burning occurs on all continents except 

Antarctica. Wildfires affect both ecosystem structure and the cycling of carbon and nutrients. 

If averaged over long time period with no underlying change in frequency or extent, fires are 

suggested to be carbon neutral (Denman et al., 2007) in that carbon lost rapidly to the 

atmosphere is claimed to be regained slowly during subsequent growth. A portion of carbon is 

lost as ‗black carbon‘ in smoke that is not available to be re-sequestered and is a long-term 

sink. For some impacts of fire, such as the burning of organic soils, the time taken for 

vegetative growth to recover the carbon lost to the atmosphere can be rather long however, so 

that the carbon balance is negative in the short term (Kasischke, 2000). Additionally, fire is 

used as a tool for deforestation, the conversion of land use from forest to agricultural or other 

purposes implying a negative carbon balance. In any case, in the presence of increasing fire 

frequencies and areal coverage over recent decades in certain well monitored areas Canadian 

boreal forest (Stocks, 1991), and the realisation that similar changes maybe taking place in 

other fire-affected biomes such as those in the tropics, such ecosystems could become net 

sources of carbon, giving rise to positive feedback as a warming climate increases fire 

probability in some ecosystems (Denman et al., 2007).  

 

Regional droughts during El Niño events lead to large biomass fires in some biomes (Siegert 

et al. 2001, van der Werf et al., 2004, Alencar et al. 2006), which appear to give rise to high 

CO2 growth rates during such events. Low productivity ecosystems in Africa and Australia are 

however limited by fuel load density and the number of fires in such environments is seen to 

decrease during drier periods, in contrast to tropical forests (Barbossa et al., 1999; Spessa et al. 

2005, Randerson et al., 2005). In addition to the release of CO2, fires also emit other 

radiatively active and O3-forming trace gases and aerosols that are not re-absorbed (Scholes, 

1995) affecting atmospheric chemistry and climate. Another potential impact of fire is a 

positive radiative forcing due to albedo decrease (Jin and Roy, 2005). This may even have an 

impact at the continental scale in regions such as the African continent where a huge 

percentage of the land surface burns annually (Pinty et al., 2000), although this may be 

somewhat counter-balanced by negative forcing from aerosols released. In boreal forests the 

forcing resulting from albedo change is especially critical, since pre-fire cover is often snow 

(Randerson et al., 2006). 
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Fire is very wide in spatial extent, with many millions of km
2
 subjectto wildfires globally each 

year, but interannual changes in the location, extent and duration/intensity lead to large 

variations, with limits estimated at 2.0 Pg C/yr to 3.2 Pg C/yr (the latter being the ENSO year 

1998) (van der Werf et al., 2006; Randerson et al., 2002), equivalent to 50% to 67% of current 

fossil fuel emissions (Arora and Boer, 2005). Savanna fires are believed to be the single 

largest single source of pyrogenic emissions (Scholes and Andreae 2000). Such fires on the 

African continent are believed to be mainly the result of human activities and may produce up 

to a third of global biomass burning emissions (Andreae, 1991). Regional year-to-year 

variability, mainly controlled by meteorological variability, is typically rather greater than the 

worldwide total variability, with some areas showing perhaps order of magnitude variations in 

burned area (e.g. Stocks, 1991). Such a range of variation is possibly the largest source of 

inter-annual variability in land-atmosphere carbon fluxes and in the relationship between 

atmospheric CO2 growth rate and such climate-related variables as ENSO indices (van der 

Werf et al. 2004), although there may be large uncertainties on these estimates (French et al., 

2004, Patra et al. 2005). Bond-Lamberty et al. (2007) suggest that fire has been the dominant 

driver of the Canadian Boreal forest carbon balance over the last 50-odd years. Modelling 

studies suggest that some regions such as the Canadian Boreal forest are changing from being 

net carbon sinks to net sources in recent years, caused by a changing disturbance regime, 

mostly driven by increased fire and insect activity (Amiro et al., 2003), and there is an on-

going debate on the relationship between climate change and inter-annual fire variability 

(Alencar et al. 2006, Westerling et al. 2006).  Understanding the impacts of fire on ecosystem 

behaviour and carbon and related fluxes is seen as critical to improved understanding of 

climate. Because of the spatial scales involved, improved monitoring of fire-related activity is 

perhaps one of the most important aspects of monitoring the Earth that satellite remote sensing 

has to offer. 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

31 

2.3 Remote sensing carbon and other compounds released by fire 

2.3.1 The need for wildfire monitoring 

Wildfires directly release carbon and other compounds (e.g. ozone, carbon monoxide, nitrogen 

dioxide, sulphur dioxide, and particulate matter) into the atmosphere as a result of biomass 

combustion. This can impact air quality and consequently human health (Hardy et al. 2001, 

Brauer 1999) and potentially climate through albedo feedbacks (see section 2.2). In addition, 

the quantity of carbon released by fire is claimed to be of the order of equivalent to 50% to 

67% of current fossil fuel emissions (see section 2.2) and therefore has a potential impact on 

annual variation in atmospheric CO2 and global climate change, particularly in any scenario 

with increased drought and related fire activity. Fire also has major potential for a role in 

various ecosystem carbon storage and cycling mechanisms (Kurz et al., 1995): 

 

Rate of disturbance: Increased disturbance can affect species composition, but also increases 

the proportion of younger forest stands and decreases the carbon storage of a forest (released 

through fire). This can also reduce the accumulation of coarse woody debris and other detritus 

pools; 

Type of disturbance: Less carbon is transferred to soil and detritus carbon pools under 

wildfire than some other forms of disturbance (e.g. insects), but generally more so than 

harvesting; 

Rate of regeneration: This refers to the period of time an affected forest site is occupied by 

short-lived herbaceous or shrubby vegetation that does not accumulate significant amounts of 

carbon. In temperature-limited regeneration ecotones, increased temperatures could decrease 

regeneration delays, but other ecotones for which seed production and survival are limited by 

moisture (e.g. southern boreal forest) might see increased delay under a warming climate and 

potential northward expansion of grassland. Climate changes could also lead to regeneration 

failure for some boreal forest species if the fire return interval becomes shorter that the time 

required by boreal trees to reach reproductive age; 

Rates of accumulation of carbon: Carbon accumulates in two major pools: the above ground 

‗standing‘ biomass (leaf and wood) pool and the detritus pool. The former pool mostly 

increases in early years post-disturbance and then decreases in late stand development. Thus 

whilst increased fire frequency would tend to reduce the overall carbon storage, the rate of 

accumulation may in fact be higher post-fire. Fire will tend to directly decrease the size of the 

detritus pool, so increased frequency reduces detritus build-up and may in turn lead to less 

severe fires (less fuel available to burn). 

 

In the context of global change and carbon science is of great relevance therefore to be able to 

associate some measure of the quantity of carbon being transferred from vegetation standing 

biomass and detritus to the atmosphere through wildfires. It is also important to monitor the 

frequency of fires and their impact on vegetation, as well as their impact on the subsequent 

(post-fire) dynamics of vegetation. An improved estimate of such measures is required for a 

better understanding and modelling of the potential impacts of climate change on wildfire 

behaviour and most particularly its influence on any feedback mechanisms or likely impacts 

on humans (through more direct health issues or through other hazard mechanisms). 
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2.3.2 Bottom-up estimates 

2.3.2.1 Introduction 

Until recently, estimates of direct wildfire emissions of trace gases have been derived almost 

entirely from ‗bottom up‘ inventory methods (Seiler and Crutzen, 1980) using: 

 

Ct = A × B ×  × r         (2.1)  

 

where total carbon emission Ct from a particular biome (g of dry matter/yr) is the product of 

the area affected by fire A (m
2
/yr), the average organic matter per unit area (g dm/m

2
) B, BE is 

the burning efficiency (proportion of biomass consumed as a result of fire) and Er the 

emission ratio (proportion of gas released per unit biomass load).  In effect this is the product 

of the dry biomass (g dm) consumed by the fire and the emission factor (proportion of 

emission of a particular gas or aerosol). Seiler and Crutzen (1980) claim the most uncertain 

parameters in this expression to be A and , although clearly large variations in the other 

parameters can exist as well.  

Figure 1. Fraction of maximum fuel load per size class (Anderson, 1982) 

 

2.3.2.2 Biomass/fuel load B 

Spatial estimates of the standing and detritus biomass term B have been variously estimated 

from field data, satellite data and models (including those partially driven by satellite data). In 

this section we provide a brief review of the range of methods available.  

 

In models with more complexity that that expressed in equation 1 fuel load is generally (e.g. 

Anderson, 1982) categorised into ‗1 hour‘, ‘10 hours‘, ‗100 hours‘, and ‗live‘ fuel classes. The 
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reason for this is that such a distinction allows for a more precise modelling of fire behaviour. 

Figure 1shows how such fuel load types (‗Herb‘ corresponding to ‗live‘ fuels, ¼‖ to 1 hour 

fuels, ¼‖-1‖ to ‘10 hour‘ fuels, and 1‖-3‖ to ‗100 hour‘ fuels) typically occur in various fuel 

model groups (grasses, brush, timber and slash).Tabulated data of this kind can be readily 

applied to land cover type classification maps (e.g. from satellite data) to produce maps of pre-

fire fuel load and type (e.g. the 13 fire behaviour fuel models documented by Albin (1976) and 

described in Anderson, (1982)). At global or regional scales, land cover types are a poor 

surrogate for the complex interplay of fuel loads and types and disturbance history. These 

phenomena result in a large variability in fuel availability and type within a single landcover 

class. 

 

A step away from this simple approach is to try to model above ground biomass. In Scholes et 

al. (1996), a production efficiency model run from NOAA AVHRR NDVI and fire counts is 

used to produce a fuel load map for all of southern Africa.  

 

The development of global satellite-driven production efficiency models by Prince and 

Goward (1995) with the GLOPEM model and the development of the CASA model by Potter 

et al. (1993) resulted in the availability of observation-derive maps of biomass. While useful 

for fire studies, these models still require a partitioning of carbon assimilate into different 

plant tissues, as well as a depiction of fire and its effects of vegetation. With no disturbance, 

no biomass is removed from a fire, there is only a drop in assimilation efficiency through 

(usually) reduced fAPAR post fire. For CASA, this is achieved by Van Der Werf et al. (2003), 

who apart from fire, add biomass reductions due to herbivory and human collection. Most of 

these efforts either produce estimates of biomass for coarse resolution satellites, or at 

aggregated (both temporally and specially) scales. Hély et al. (2003, 2007)provide an 

application of a simple PEM model, using extensive calibration data from the SAFARI2000 

campaign. The estimates are at 1km spatial resolution, and partition fuel into grasses (green 

and senescent) and tree leaves and litter. 

 

More complex models that take into account the three-dimensional competition for light and 

water have also been developed (Simioni et al. 2000). Their uptake has been limited to small-

scale studies. 

 

Finally, dynamic global vegetation models (DGVMs) can be used to simulate vegetation by 

implementing a fire model within the model (Arora & Boer 2005; Thonicke et al. 2001; 

Thonicke et al. 2010; Venevsky et al. 2002; Lehsten et al. 2008). The DGVM output can then 

be converted in fuel types and loads, but the typical coarser scales of DGVMs result in an 

important oversimplification of fuel loads and types. 

 

Saatchi et al. (2007) suggest that multifrequency (P, C and L-band) polarimetric SAR can be 

used to estimate crown and stem biomass and three major fuel load parameters, namely: 

canopy fuel weight; canopy bulk density; and foliage moisture content using semi-empirical 

algorithms (log biomass equals quadratic functions of polarimetric backscatter). An R
2
 of 0.73 

was found by combining both L- and P-band SAR (Figure 2, although clearly the L-band 

relationship saturates at between 25 and 30 Mg/ha, with L-band only being more accurate up 

to that point. Slightly stronger relationships were reported for 1-h and 10-h branchwood fuel 
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weights, canopy bulk density and foliar biomass. This in many ways points the way for strong 

remotely sensed inputs to the bottom up approach to wildfire emissions (as well as other 

aspects of monitoring forest carbon). Whilst the general form of the model used is likely to be 

applicable to sites other that studied (Yellowstone National Park, MT, USA) the method 

cannot directly be applied globally as it would need re-calibration. 

 

 

 

Figure 2. Field measured and predicted crown biomass from: (a) L-band; (b) P-band; 

and c) L- and P-band polarimetric SAR backscatter (from Saatchi et al., 2007). 

 

The development of airborne scanning LIDAR systems is also being considered to map fuel 

loads. (Andersen et al. 2005) use a number of wavefront metrics to regress crown fuel weight, 

crown bulk density, canopy base height and canopy height. Results show good correlation for 

typical Pacific Northwest forests. A similar approach is taken in (Riano et al. 2003). In 

(Morsdorf et al. 2004), the LIDAR returns are segmented into shapes and used to estimate tree 

position, tree height, and crown diameter for a boreal test site in Switzerland.  

 

Finally, a recent and fairly complete review of the use of remote sensing to map fuel types and 

loads is given in (Arroyo et al. 2008). 

2.3.2.3 Burn-affected area A 

Although large variations in estimates of A exist, we can suppose this to be generally feasible 

using optical or calibrated thermal satellite observations (e.g. Roy et al., 2005, Randerson et 

al., 2007, Giglio et al., 2009). It is beyond the scope of this review to cover all methods for the 

detection of fire-affected area, although we cover some issues regarding BRDF effects and 

spectral variations in section 3. See the introduction section of Giglio et al. (2009) for a 

relatively recent overview of the area. 

 

2.3.2.4 Burn Efficiency BE 

A significant technical complexity in using remote sensing data to drive equation 2.1 comes in 

estimating the lumped term BE, a function of fire conditions, the relative proportions of 

woody, grass, and leaf litter fuels and the moisture content of fuels. Since there will generally 

be a reasonably large uncertainty on biomass density B, there is some value to considering 
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estimating the product of A BE and B, i.e. the total biomass consumed by the fire, but this 

would require quite an accurate model of the total biomass before and after the fire. Whilst 

this could be considered, e.g. using SAR or canopy lidar methods, standard allometric 

relationships between some physical variables sometimes used with these methods e.g. height 

and total biomass may not be relevant: the biomass can change greatly but the height remains 

unchanged. By grouping so many variables together, we are essentially dealing with a top-

down approach, which will be further considered in the following section. 

 

Dependencies of some of the variables in equation 2.1 on cover type can potentially be 

specified by the use of satellite-derived land cover classifications or related products such as 

the percentage tree cover (PTC) product of Hansen et al. (2002), used by Korontzi et al. 

(2004) to distinguish grasslands and woodlands in Southern Africa. Korontzi et al. then model 

a term related to BE (combustion completeness, CC) as a weighted proportion of fuel types 

and database values for Er. Roy and Landmann (2005) state that there is no (direct) method to 

estimate CC from remote sensing data, although they demonstrate with a simple modelling 

concept a near linear relationship between the product of BE and the proportion of a satellite 

pixel affected by fire and the relative change in reflectance at 1240 nm (see below for an 

example of this). 

 

There is a relatively strong history of the estimation of ‗fuel types‘ from remote sensing data, 

methods mainly relying on the availability of hyperspectral data such as AVIRIS and methods 

such as linear mixture modeling (LMM) (e.g. Roberts et al. 1998). Elmore et al. (2005) 

estimate non-photosynthetic vegetation (NPV) proportions from MODIS 500m data for five 

years and demonstrate the higher proportion of NPV in unburned grasslands than those that 

have burned. This latter work is of particular interest here as an understanding of the relative 

proportions of biomass in various pools is important to the estimation of CC (as well as other 

uses such as fire risk mapping). The main issues with LMM in any operational context are: (i) 

the need to define end-member spectra that may not be widely available; (ii) even if ‗typical‘ 

end-member spectra are available they do not account for non-linear impacts such as leaf area 

index variations (other than through canopy cover); (iii) methods work better when there is a 

strong spectral contrast between the terms one is aiming to unmix. This latter point is of 

significance: in the study of Elmore et al. the area analyzed had dark soils, aiding the 

extraction of NPV material. This is not always the case & distinctions between NPV and soil 

spectra may sometimes be quite subtle. 

 

It should be noted that in consideration of fire effects on carbon, equation 2.1 misses out 

indirect release through decomposition of vegetation killed by fire but not combusted which 

can be almost half as much again as direct release in some ecosystems (Van der Werf et al., 

2003). In addition, in modelling or monitoring carbon fluxes, the recovery of vegetation after 

fire events is of critical importance.  

2.3.3 Top-down methods 

In addition to the use of EO-derived data in parameterising equation 2.1, there are two 

alternative remote sensing technologies for estimating Ct, namely via: (i) measures of power 

(FRP; and its temporal integration, fire radiative energy or FRE) and (ii) the inversion 

modeling of atmospheric concentration data such as can be obtained from e.g. the MOPITT 
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sensor. We do not consider the latter technology further in this proposal, although at some 

future point such measurements are likely to provide further information for constraining the 

release of carbon and other fire-related products to the atmosphere. An alternative ‗top down‘ 

method is to estimate biomass before and after fire (e.g. via SAR or NDVI) and attempt to 

relate this to combusted fuel amount. This suffers from uncertainties associated with the pre- 

and post-fire estimates, and is in any case closely linked to discussion of burn efficiency 

above. 

 

Figure 3.   Experimental relationship between biomass combusted and FRE 

 

Measurements of FRP relate to the amount of energy being emitted by a fire during 

combustion, and can be made from sensors such as MODIS onboard polar-orbiting spacecraft 

or SEVIRI onboard geostationary satellites (Roberts et al., 2005).  They can be calibrated to 

estimates of combustion rate using the procedures of Wooster et al (2005). Observations of 

FRP can be time-integrated to estimate the total fire radiative energy (FRE) release, most 

easily for example by using geostationary observations, and recent experiments conducted on 

organic soil, grassy, and woody fuels from the boreal and tropical regions has indicated the 

consistency of the FRE to fuel combustion relationship. This is because the energy released by 

a fire is a direct result of the oxidation of the fuel carbohydrate, which is largely consistent 

between fuel types: 

 

(C6H10O5)n + O2 + kindling temperature → H2O + CO2 + heat yield   

 

(ignoring here for simplicity the simultaneous production of other trace gas and aerosols). 

Hence measurements of FRP and FRE relate directly to the Ct term of Equation 3.1, and thus 
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provide independent information with which to better constrain this term since they relate 

directly to the rate and total amount of fuel (and carbon) burned (figure 1).  However, the 

technique is relatively new and still undergoing exploration and validation, and it is clear that 

it is likely to be best used in combination with methods relating to burned area (for example, 

at the very least to account for fires that were cloud covered during the period of burning for 

example) 

2.4 Remote Sensing of fire ecology 

Fire ecologists generally consider five main descriptors of a fire regime (Bond and Keeley, 

2005): fuel consumption and spread patterns (e.g. ground fires, crown fires); frequency (or 

cycle); intensity; (energy released per unit line of fireline (kWm
-1

)); severity (or depth of burn 

(Wang, 2002) or mortality); and seasonality (when fire occur in the year). Of particular 

interest (in relating to climate) is information on inter-annual variability and trends in these 

quantities. All of these quantities are time-consuming to measure or characterise, and can only 

be measured over limited spatial extent by fieldwork alone. 

 

 
 

Figure 4. Mosaic of the MODIS 500m burned area product using MODIS Collection 4 

data across Southern Africa, overlaid on true colour mosaic of MODIS bands 1,4,3. The 

different colours indicate the approximate day of burning detected between August and 

October 2000 

 

If we assume that now or in the near future that fire-affected area can be monitored to a 

reasonable degree of accuracy by satellite remote sensing, several of these products can be 

readily calculated. In this way, we will be able to both better quantify these terms globally and 

monitor dynamics over large areas. The MODIS fire-affected area product (Roy et al., 2002; 

2005) is currently in production (see Figure 4 for an example).Other products include 
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GBA2000
3
 (for the year 2000 only), Globscar, generated from ATSR images, which is 

available from 2000, and the burned component of Globcarbon
4
 (a combination of GBA2000 

and Globscar algorithms for multiple sensors) is also available from 2000. Some papers have 

explored AVHRR images for global burned land, but at lower spatial resolution (typically 

8km from PAL or GIMMS data). The L3JRC burned area product
5
 is a relatively new global 

product, with a daily temporal resolution. However, the quality (and therefore utility) of many 

of these products is questionable
6
 (e.g. Boschetti et al., 2004). There are many reasons for 

differences between the outputs of different algorithms (or products using different sensors). 

Silva et al. (2005) highlight the role of the proportion (of a moderate resolution pixel) affected 

by fire and the perimeter of a burn ‗scar‘. It is clear that one significant factor will always be 

the ‗detection threshold‘: the lower limit of the ‗burn signal‘ (however phrased) that can be 

detected. A more refined algorithm that models BRDF effects can detect changes down to 

around 15% relative near infrared change, but one that treats this as a source of noise (such as 

GBA2000) can only detect changes around twice that magnitude. Variation in this ‗detection 

threshold‘ alone can lead to large discrepancies between different products, where generally 

only ‗total area‘ (detected) is quantified. 

 

                                                 
3 http://www-tem.jrc.it/Disturbance_by_fire/products/burnt_areas/global2000/global2000.htm 
4 http://geofront.vgt.vito.be/geosuccess/relay.do?dispatch=documents 
5 http://www-tem.jrc.it/Disturbance_by_fire/products/burnt_areas/GlobalBurntAreas2000-2007.htm 
6 http://geofront.vgt.vito.be/geosuccess/documents/Final%20Report.pdf 
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(a) Number of times fire detected over the years 2000-2004  

 

 
(b) Seasonality of fire (timing during year 2004) 

 
(c) Relative magnitude of NIR step change 

 
Figure 5. Prototype fire ecology products derived from mapping fire-affected 

area through tracking BRDF changes in MODIS 500m data (2000-2004) 

(Rebelo, 2005) 
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The most readily calculated information from complete spatial maps of fire activity from 

include frequency and seasonality, although there are few studies providing such datasets and 

many of these use only two years of data.  Russell-Smith et al. (1987) used Landsat MSS data 

to derive a 15-year fire history of a national park in Northern Australia; Cahoon et al. (1992) 

used DMSP night-time active fire locations to examine savanna fire seasonality and compare 

two years; Justice et al. (1996) compare two years of fire activity in Southern Africa using 

AVHRR data; Soja et al. (2004) analysed two years of AVHRR data over Siberian forest. 

Various authors have inferred information on global seasonality and variability using active 

remote sensing data (thermal infrared) (Csiszar et al. 2005; Chuvieco et al. 2007; Giglio et al. 

2006). 

 

More typically, studies such as Larsen (1997) use ground sampling of forest age to estimate 

time since last fire (TSLF) from field samples. For some ecosystems such as Boreal forest 

TSLF can be hundreds of years, so even if products from a full record of satellite data were 

available this would only cover relatively recent history. Rebelo (2005) perhaps shows more 

realistically shows the potential that recent mapping efforts might produce in mapping fire 

frequency. Examples are provided in Figure 5 from Rebelo (2005) for an area of Southern 

Africa, showing (a) the number of times fire-affected areas were detected over a five-year 

period (2000-2004); and (b) when the fire was detected during the year. Figure 5c shows the 

relative change in NIR reflectance associated with each detected burn. Following Roy and 

Landmann (2005) and Smith et al. (2005) we can suggest this might be an initial candidate for 

BE, although further modeling efforts are clearly required to properly quantify the factors that 

could cause such a change during a biomass burning event. With this factor, coupled to the 

measurements of burned area and pre-fire fuel load estimates, the resulting fuel consumption 

measures are a variable that can be directly compared to those obtained from the 

aforementioned FRE-based approach.  Alternatively, the combination of FRE-derived fuel 

consumption measures, plus information on pre-fire fuel loads and burned area could be used 

to determine CC for a particular ecosystem under the set of environmental conditions existing 

when the fire occurred.  Such an approach could be used to determine ways of better relating 

CC to meteorology in the absence of FRE-type data (e.g. over areas inadequately covered by 

FRP observations). 

 

Figure 6 shows how many times areas in sub-Saharan Africa were affected by fire over the 

period 2000-2007 according to the L3JRC product. Comparing with Figure 5 we see generally 

similar spatial patterns in the two datasets, but there are also discrepancies, such as the fact 

that Figure 5c suggests that many more areas burn each year (red in Figure 5a for 5 times in 5 

years). Also, other features such as the large area of (annual) burning indicated in Figure 5a in 

southwestern Angola are not readily visible in Figure 6.   
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Figure 6. Number of times burning detected over a seven year period (2000-2007) from 

the L3JRC product . Key: white is not burnt, green is burnt once, pea green is burnt 

twice, yellow is burnt three times, orange is burnt four times, red is burnt five times, 

maroon is burnt six times and purple is burnt seven times. Light blue is water, black is 

no data and grey indicates non-vegetated land. 

 

Severity has a strong impact on carbon emissions as well as the regeneration of post-fire 

vegetation (e.g. Conrad et al., 2002; Lentile et al. 2006). Definitions of fire severity vary but 

are used to relate how fire changes ecosystems differentiallyor result in different biological 

responses, and also vary in terms of the amount of time elapsed beforefire assessed. This time 

can vary from one dayto years post-fire (Roy et al. 2006). Severity is generally estimated 

using post-fire field data (Moreno and Oechel 1989; Pérez and Moreno 1998), which consider 

several variables as: depth of char, percentage of tree basal area mortality (Chappell and Agee 

1996), decrease in plant cover (Jain and Graham 2004; Rogan and Yool 2001), volatilization 

or transformation of soil components to soluble mineral forms (Turner et al. 1994; Wang 

2002; Wells and Campbell 1979), proportion of fine branches remaining on the canopy 

(Moreno and Oechel 1989), and degree of canopy consumption and mortality (De Santis and 

Chuvieco 2007; Doerr et al. 2006; van Wagtendonk et al. 2004). The poor spatial 

representation associated with field methods and the cost of these approaches makes it 

advisable to use alternative methods. It is therefore an attractive proposition to attempt to 

derive such information from remote sensing data. Optical data has often been considered 

useful in this regard, since vegetation removal, soil exposure, changes in soil and vegetation 

moisture content imply changes in reflectance (Jakubauskas et al. 1990). Indeed, fire-related 

decreases in chlorophyll content and vegetation moisture lead to decreases in the visible and 

near-infrared (NIR) reflectance and increases in the mid-infrared (SWIR) reflectance (White et 

al. 1996). In recent years, a large number of papers have explored the use of remote sensing in 

burn severity assessment (Brewer et al. 2005; Cocke et al. 2005; Díaz-Delgado et al. 2003; 

Díaz-Delgado et al. 2001; Epting et al. 2005; Kachmar and Sanchez-Azofeifa 2006; Key 2005; 
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Michalek et al. 2000; Miller and Yool 2002; Parra and Chuvieco 2005; Rogan and Franklin 

2001; Rogan and Yool 2001; Roy and Landmann 2005; Roy et al. 2006; Ruiz-Gallardo 2004; 

Sa et al. 2005; van Wagtendonk et al. 2004; White et al. 1996). These papers covered a range 

of different techniques: spectral indices, principal components, classification, multitemporal 

change detection, etc. Although most rely on Landsat-TM/ETM+ data, there are also some 

examples of hyperspectral data (Parra and Chuvieco 2005; van Wagtendonk et al. 2004). One 

of the main difficulties of using these studies for global assessment of burn severity from 

remotely sensed data is the empirical approach that has guided most studies published so far. 

Empirical models are simple to calibrate and provide a quantitative estimation of burn 

severity, but they provide little confidence on whether they are applicable or not to other 

ecosystems or fuel characteristics. Typical of such work is that of Epting et al. (2005) who 

investigate correlations between a modified form of the Composite Burn Index (CBI) (Key 

and Benson, 2002; van Wagtendonk et al., 2004), a semi-quantitative ecological measure of 

burn severity relating to the impact of fire in various layers of a canopy. The criteria used for 

the CBI are shown in Figure 7. Clearly radiometric measurements from remote sensing will 

not be directly sensitive to many of these terms (e.g. char height, duff/fine roots consumed) 

and the radiometric response to changes in a compound measure such as CBI can be complex, 

but there have been many studies relating such terms to various remote sensing indices. 

Generally, high correlations can be obtained with NIR/MIR indices such as the Normalised 

Burn Ratio (NBR), tasseled cap greenness etc. ( in Epting et al., 2005), but the 

difficulty comes in attempting to generalise from such results. 

 

 

Figure 7. Composite Burn Index criteria for Alaskan forests (Epting et al., 2005) 
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Roy et al. (2006) suggest that typically used EO measures such as the NBR may not optimally 

relate to severity (at least shortly after the fire). Their study is based on an analysis of NBR 

before and after burning over a wide range of fire regimes. They note that the spectral 

trajectories due to burning occur in numerous directions relative to the NBR index isolines, 

suggesting that the NBR may not be primarily and consistently sensitive to fire severity. They 

suggest that fire severity from remote sensing data should incorporate knowledge of how fires 

of different severity displace the position of pre-fire vegetation in multispectral space. Further 

such empirical work could clearly complement the modelling studies proposed in this study.  

2.5 Physically-based modelling approaches to characterising 
biophysical parameters relevant wildfires 

2.5.1 Radiative Transfer Modelling 

As noted above, in optical remote sensing, vegetation indices (or ‗burn‘ indices, or ‗water‘ 

indices) are typically used in fire monitoring for detecting changes due to biomass burning 

and/or assessing the severity of the event. Such indices provide a transformation of several 

spectral channels the result of which is sensitive to the parameter or feature of interest (the 

result of presence of fire or a measure of its severity) but relatively insensitive to other 

extraneous influences (Huete et al., 1988; Myneni et al., 1995). The principal advantages of 

such methods are their conceptual and computational simplicity, which go a long way towards 

explaining their enduring attraction among the remote sensing community, despite their well-

known limitations (Verstraete et al. 1996). Among the major disadvantages of such 

approaches we note: (i) the relationships generally retain sensitivity to multiple parameters – 

partial success is often achieved because of parameter coupling for specific cover types; (ii) 

empirical relationships must generally be recalibrated for different vegetation types, 

phenological effects or other environmental influences; (iii) they are likely to make sub-

optimal use of multi-channel information; and (iv) they do not readily allow for data fusion 

from multiple sources.  

 

The robust use of remote sensing data requires going beyond empirical correlations to physical 

understanding, and this introduces: 

 

 The forward problem: understanding how radiation interacts with vegetation, soils and the 

intervening atmosphere to produce an observed signal. 

 The inverse problem:  based on the solution of the forward problem, recovering 

biophysical properties from the signal. 

 

The power of the forward models is in providing an understanding of the information content 

of measured signals. Forward modelling of post-fire conditions was proposed by Chuvieco et 

al. (2006) and Pereira et al. (2004) using simple geometrical models (PROSPECT-KUUSK 

and GORT, respectively). Different post-fire conditions were modelled, considering the 

diverse impact of fire on the understorey and overstorey layers. 

 

In the context of parameter recovery, (remote sensing) signal information content translates 

into being able to determine the vegetation parameters that the measurements are sensitive to, 

and to determine quantitatively what these dependences are. In practice, forward models also 
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provide a way of developing retrieval algorithms (irrespective of the technique by which the 

retrievals are ultimately performed). The design of optimal vegetation indices by Gobron et al. 

(2000) is a manifestation of this latter point in that reflectance modelling is used to study the 

behaviour of a radiometric measurement to model parameters. An index is then designed as a 

transformation on that space that achieves the aim of optimal sensitivity to parameters (or 

transformations on parameters, such as fAPAR) and insensitivity to extraneous factors. Such a 

use of forward models is clearly called for in furthering the empirical work of Roy et al. 

(2006) to a deeper understanding of NBR sensitivity to canopy parameters. One difficulty in 

such an experiment that should be noted is the need for a model relating physical 

measurements of severity to changes in canopy biophysical variables (those used in building a 

canopy reflectance model). This is clearly not a trivial task, and it may in some ways seem 

more attractive to explicitly estimate all canopy biophysical variables that might change as a 

result of a fire (e.g. loss or blackening of NPV, change in (live) tree density in the case of 

severe fires) as a more direct physical approach. This would have the clear advantage that a 

variety of measures of severity might now or in the future be developed that would be usefully 

defined in terms of these variables (‗radiometric severity‘). It would also provide more 

information than a general severity index on the particular impacts of individual fires. 

However, this is quite an extreme task to ask of the information content of moderate resolution 

optical remote sensing (however many angles or wavebands), and it is unlikely that all such 

variables could be unambiguously estimated from such data alone (i.e. without strong 

constraints from elsewhere). There may be some possibilities to provide some such 

information from very high spatial resolution data (using methods akin to (semi-)automated 

photogrammetric interpretation) or from high resolution (e.g. SPOT HRVIR, Landsat ETM) 

data looking at spatial as well as spectro-angular information. We do not believe there to be 

scope to fully explore such issues in this study, but would propose attempting to obtain 

CHRIS-PROBA data before and after a fire during a field campaign. It is probably a better 

general strategy to concentrate information extraction on either: (i) ‗compound‘ biophysical 

terms (e.g. biomass or NPV/green leaf cover or LAI) that might be combined to estimate fire-

related terms such as CC or severity; or (ii) absolute or relative changes in condition, e.g. 

biomass loss (which could be directly constrained by FRE estimates), change in live 

vegetation cover etc. The reason for this latter point is that change might be easier to infer 

from optical data than absolute values. The reason for supposing this is that a range of 

variables used in a canopy reflectance model would be the same before and after a fire, so 

signal differences or ratios are likely to partially suppress the impact of variations in absolute 

values. 

 

Whilst it is the inverse problem that we are aiming to solve, its success depends on the extent 

to which forward models are known to be a good representation of the behaviour of real 

datasets. This requires validation, using image and in-situ datasets in as wide a range of cases 

(sensors, local conditions, vegetation types) as possible. Validation is a difficult problem: field 

and (high resolution) satellite measurements are often limited in both spectral and angular 

sampling and/or are not associated with sufficient information to solve for compounding 

atmospheric effects on the signal. Several attempts to use simple inversion techniques for burn 

severity estimation have been already published (Chuvieco et al. 2007; De Santis and 

Chuvieco 2007), but further effort is needed to better model the different components of the 

post-fire signal, and the interactions between different vegetation strata. 
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A wide range of physically based models have been developed to describe the scattering of 

shortwave radiation by vegetation canopies (Goel, 1988; Goel and Thompson, 2000). Many of 

these are analytical models that tend to be limited in the complexity of the scene description 

that can be used. They are also heavily reliant on the validity of various sets of assumptions 

and simplifications to make the problems more tractable. Typically, radiative transfer methods 

are used for optical modelling of homogeneous canopies of infinitesimal scatterers (Kuusk, 

1995), with ‗correction‘ models applied for some of the effects of scatterer dimension. Canopy 

macrostructure effects are generally treated better in geometric optics models capturing 

general shadowing/hiding effects (Li and Strahler, 1985). Hybrid approaches have also been 

developed for describing scattering and transmission by crown ‗envelopes‘. Numerical 

solutions to radiative transport offer more flexibility in the range of conditions and 

architectures that can be modelled, as well as having greater accuracy but typically have a cost 

of greater processing time. The more flexible of these range from gridded 3D radiative transfer 

approaches (Gastellu-Etchegorry et al, 1996) through to Monte Carlo ray tracing (MCRT) and 

radiosity models (Lewis, 1999; Disney et al., 2000). The former are relatively fast and can 

simply represent variations in density and canopy macrostructure, but effectively reduce to 

plane parallel homogeneous solutions for considering crops. The latter can operate on 

volumetric or explicit spatial representations of canopy structure and can provide ‗quasi-exact‘ 

solutions. All such 3D models are spatially explicit in some sense, allowing for investigations 

of spatial effects such as sampling or texture. Of particular interest in the validation of such 

models, Widlowski et al. (2007) provide a mechanism (RAMI: the Radiation Modelling 

Intercomparison) for the comparison of the performance of optical (canopy) radiative transfer 

models. Whilst many models operate reasonably well for simple scenarios (such as plane 

parallel media), the performance of some models is more patchy (the disagreement higher) for 

more complex scenes (such as heterogeneous canopies). Figure 8 provides an illustration of 

this, showing the disagreement in reflectance that can occur between model attempts to 

simulate the same signal. One finding of the RAMI exercise is that there is generally a strong 

agreement between 3-D Monte Carlo models that participated in RAMI. Since these models 

make fewer assumptions and approximations in the modelling than analytical or semi-

analytical models, an ensemble of such model outputs can be considered a ‗surrogate truth‘. 

This has lead to the creation of the RAMI on-line Model checker (ROMC)
7
 (Widlowski et al., 

in press), a web-based tool for testing the operation of individual models against such ‗truth‘. 

The models used to generate the ROMC ‗truth‘ are DART (Gastellu-Etchegorry et al., 1996), 

drat (Lewis, 1999, with the model originally known as ararat), FLIGHT (North, 1996), 

Rayspread (Widlowski et al., 2006), Raytran (Govaerts, 1998), and Sprint (Thompson and 

Goel, 1998). All of these models involve numerical solutions to radiative transport. They all, 

other than DART, involve Monte Carlo ray tracing in some form or other. DART is a solution 

to radiative transfer based on a voxel representation of canopy (macro)structure. Such 

numerical models are also very flexible in the range of scenarios they can simulate, this 

essentially requiring a description of the structure and scattering properties of (geometric) 

primitives defining the scene structure.  It is suggested therefore that to explore the impacts of 

fire on canopy reflectance, numerical models such as these be used. As noted above, the major 

‗cost‘ associated with such models is the processing time required for simulations. This 

                                                 
7
 http://romc.jrc.it 
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essentially limits their use in inversion to methods such as look-up tables etc. that decouple the 

forward modelling from the inversion task (i.e. those that don‘t directly require calculation of 

reflectance from the model at run time). 

 

Figure 8. Simulations of two RAMI scenarios by a range of radiative transfer models 

(left: plane parallel medium; right: heterogeneous medium) in the solar principal plane 

at red wavelengths (from Wildowski et al., 2007) 

 

Whilst the models briefly reviewed above provide a useful basis for exploring the impacts of 

fire on canopy reflectance, a group of ‗simpler‘ semi-empirical models have been developed 

that are essentially used to describe the BRDF. These have found many uses, such as: (i) the 

normalisation of BRDF effects (Roujean et al., 1992); (ii) radiometric coupling between the 

surface and atmosphere (Rahman et al., 1993a,b; Engelsen et al., 1996); (iii) angular 

integration to estimate albedo (Wanner et al., 1997; Schaaf et al., 2002); (iv) predicting 

subsequent days BRDF to compare with observations to detect sudden changes due to fire 

(Roy et al., 2002, 2005). Whilst there are many flavours of such models, their essential 

elements are: (i) simplicity of (mathematical) form; (ii) ease of inversion (e.g. linear models 

such as Roujean et al. (1992), or the so-called AMBRALS (or MODIS BRDF) kernels of 

Wanner et al. (1997) or near-linear through a transform such as MRPV (Lavergne et al., 

2007); (iii) small number of parameters describing essential components of the BRDF; (iv) 

applicability to a wide range of cover types and conditions. The NASA funded MODIS 

Burned Area mapping algorithm uses an automated BRDF model-based change detection 

approach to map the 500m location and approximate day of burning. The model used is the 

MODIS kernels (Wanner et al., 1997) although it is likely that similar success could be 

achieved with other formulations since the operation of this class of models tends to be quite 

similar. The MODIS algorithm detects the approximate date of burning by locating the 

occurrence of rapid changes in daily MODIS 500m reflectance time-series. In this way, the 

algorithm maps the spatial extent of recent fires and not of fires that occurred in previous 

seasons or years.  The algorithm takes advantage of the spectral, temporal, and structural 

changes induced by fire.   It improves on previous detection methods due to the use of a 

bidirectional reflectance model to account for angular variations found in the satellite data and 

uses a statistical measure to detect change probability from a previously observed state (Roy et 

al., 2005). 
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A further strand of modelling that will be considered is that of simpler integral-flux models 

such as those used in climate models. Pinty et al. (2006, 2007) demonstrate how a two-stream 

model of diffuse fluxes, parameterised by a background reflectance, leaf single scattering 

albedo, leaf asymmetry factor (e.g. the ratio of leaf reflectance to transmittance) and a 

structural term, LAI can be used to simulate directional-hemispherical reflectance and related 

terms for the general case of a 3D heterogeneous canopy. This is achieved by considering all 

terms except the background reflectance as ‗effective‘ parameters, i.e. direct physical 

measurements of these terms are only indirectly related to those retrieved from radiometric 

measurements. Interestingly, the effective LAI is equivalent to that typically inferred from 

ground measurements (using optical methods). The relationship between effective parameters 

and their true values depends on departures from the model assumptions (e.g. clumping 

effects, variations due to non-spherical leaf angle distributions). 

2.5.2 Current status 

It is clear from the above discussion that measurements of optical reflectance can potentially 

provide a range of very useful information related to fire and its ecosystem effects. The 

primary information provided is an estimate of when and where a burn occurs, and this can 

also be contributed to synergistically via use of remotely-sensed ‗hotspot‘ maps that identify 

the location and timing of actively burning fires that are actually causing the burned area to 

form (e.g. as in the operational optical+thermal IR technique used to map burn extent and date 

in the Canadian boreal forest; Fraser et al., 2000). As demonstrated above, such optical data 

can then be used to derive a variety of higher-level ‗ecological‘ products, including fire return 

interval or frequency, and seasonality. Also, as discussed above, there is great potential for 

improving estimates of carbon release through a combination of data on fire-affected area and 

FRE. There is also potential to derive other measures such as relative change in NIR 

reflectance, which we suppose to be related to BE x fractional area affected by fire, or 

normalised burn indices that might be related to severity. 

 

Whilst there is considerable heritage of providing estimates of timing and location/extent of 

burning from high spatial resolution data (e.g. Cohen et al., 2002, review by Cohen and 

Goward, 2004) the typical revisit periods are relatively high and some phenomena may be 

missed. Global mapping from optical data is probably best achieved using moderate resolution 

data with a high revisit period. The higher the revisit period, the lower the uncertainty should 

be on the date of the fire. The potential disadvantages of such data are: (i) they may miss small 

fires that only change the signal a small amount; (ii) daily sampling is often achieved on such 

sensors by using a wide field of view, giving rise to day-to-day variations in the signal due 

only to variations in viewing and illumination geometries (‗BRDF effects‘). Whilst these latter 

effects are considered a source of noise in many applications, Roy et al. (2002; 2005) 

demonstrate that they can be effectively modelled with semi-empirical MODIS BRDF kernels 

to track burn signals. Rebelo et al. (2003; 2004; 2005) and Rebelo (2005) show that signal 

tracking of this sort can also be achieved with alternative semi-empirical models (MRPV) and 

the addition of an empirical temporal model, detecting fire-affected areas as a breakpoint (step 

change) in the signal. Fraser and Li (2002) apply a normalisation method (NTAM: Latifovic et 

al., 2003) to SPOT VGT data before attempting to detect burned areas in Canadian Boreal 

forests. The parameters of these semi-empirical models have no direct physical meaning, but 

Widlowski et al. (2004) note that there is a strong relationship between quantities such as a 
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measure of the degree and nature of the anisotropy (essentially upward ‗bowl‘ shaped for a 

more homogeneous canopy; downward ‗bell‘ shaped for a more heterogeneous canopy), 

suggesting that such terms might be used to map quantities such as tree density (figure 9). 

 

An interesting feature of the models of Latifovic et al. (2003) and Rebelo (2005) are that they 

explicitly contain empirical models of time-evolution: in both cases essentially weighting 

semi-empirical kernels by low-order polynomial functions of time. This gives additional 

parameters in the model inversion, but allows a greater time window of samples to be used to 

derive parameter estimates. Strugnell and Lucht (2001) and Strugnell et al. (2001) proposed 

that one could reasonably model BRDF dynamics by a simple multiplication of a 

characteristic BRDF ‗shape‘. This concept is used to provide the back-up algorithm for the 

MODIS BRDF/`albedo product, allowing an estimate of BRDF and albedo when only a small 

number of observations are available. While considered a lower quality result, this MODIS 

backup algorithm performs well under normal situations (Jin et al. 2003a, b; Salomon et al. 

2006). This is an intriguing idea and one that could be suggested as the route of subsequent 

work such as that of Latifovic et al. (2003) and Rebelo (2005), as well as other applications 

such as that of Roy et al. (2008). Although it ‗seems to work‘ well, there is little or no 

theoretical basis for this. However, there is a growing body of empirical evidence that it is not 

an unreasonable assumption to make in developing temporal BRDF models.  Of particular 

relevance here are the observations of Rebelo et al. (2003; 2004; 2005) and Rebelo (2005) that 

for moderate resolution data, the BRDF after fires (in southern Africa) is to a large degree the 

same as the BRDF before the fire, modulated by a multiplicative factor. 

 

 

Figure 9. Forest scenario modelling from Widlowski et al. (2004) 
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Figure 10. MODIS BRDF from Rebelo (2005) before and after fire for two areas of 

woody savanna in N. Zambia (left panels) and NE Angola (right panels). The upper 

panels present NIR (MODIS band 2) reflectance as a function of view zenith angle before 

and after a fire event. The lower panels show the reflectance as a function of time. 

 

Trigg et al. (2005) present field-measured directional reflectance data of grass and shrub 

canopies before and after fire. Their interpretation of these data is that: (i) burning (over these 

cover types) reduces reflectance in nearly all bands; (ii) unburned surface are more anisotropic 

than burned surfaces. The effects they observe are very similar to those shown in figure 10. If 

we for the moment accept the proposition that the impact of burning is essentially a single 

multiplicative factor to the BRDF (for each waveband), this would suggest that, although it is 

important to consider BRDF effects in tracking reflectance changes due to burning, there is 

likely to be little direct information on the nature of the burn in the change of the BRDF 

‗shape‘: the primary information source being this multiplicative spectral signature. Although 

the concept clearly needs further exploration, it provides one potential avenue for exploring 

the impacts of fire on BRDF.  

 

The main importance of these semi-empirical BRDF modelling approaches in the fire-affected 

area detection algorithms discussed above is that they enable the use of daily (or multiple 

times daily) observations to allow a fuller exploitation of available data and refinement of the 
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detection of the day of burn. In addition, such modelling allows for the filtering of clouds and 

cloud shadows in datasets by modelling expected BRDF. The role of BRDF modelling in this 

context has been to account for variations in reflectance due to different sampling regimes. It 

could be argued that if high-revisit nadir-only observations were used (e.g. frequent sampling 

from MERIS-class instruments) there would not be a need for such modelling in this sense. 

Detecting fire-affected areas does not in itself require a complex (or even perhaps phyically-

based) BRDF model: the requirement in such ‗signal tracking‘ applications is for a model 

capable of describing variations in reflectance with variations in viewing and illumination 

angle so that that changes in the signal can be detected.  

 

Such approaches do not directly inform us about the nature of the change in biophysical 

parameters or other terms of interest to carbon studies or fire ecology. If we wish to derive 

such information, we will have to use physically based models in some way to explain and 

attribute the change in remote sensing signal to changes in the surface structural or radiometric 

properties. It is very likely that such models would need to incorporate a vertical description 

of impacts, since fire effects may be very diverse, depending on fire intensity and residence 

time, particularly for tree-covered areas. A particular fire event may affect only the soil or low 

shrub layer, whilst the overstorey may be slightly or not at all changed (as frequently occurs in 

tropical low intensity fires). This range of impacts and the various canopy layers (and 

interactions of leaf, woody material, char, ash and litter) greatly complicates radiative transfer 

modelling of fire impacts and also means that the unambiguous characterisation of all of these 

diverse changes is unlikely to be possible using remote sensing data alone (and certainly using 

only passive optical data, as is the scope of this study). 

 

There have been relatively few studies examining fire-affected area characteristics using 

physically based modelling methods, although there are many more looking at more generic 

issues in BRDF modelling of vegetation and specific related issues such as canopy moisture 

content. Most of the studies looking specifically at fire impacts through BRDF modelling have 

used canopy reflectance modelling to assess the impact of forest fuel properties or burn 

severity on a range of vegetation/burn indices. Bowyer and Danson (2004) and Danson and 

Bowyer (2004) used SAILH/GEOSAIL//PROSPECT modelling to investigate fuel moisture 

content and equivalent water content for assessing forest fire fuel properties. Chuvieco et al. 

(2006) used Kuusk‘s model/PROSPECT to estimate burn severity as defined by the CBI (Key 

and Benson 2006; Lentile et al., 2006). Pereira et al. (2004) used a GORT model to assess the 

spectral separability of understorey burns on the remote sensing signal in Miombo woodlands. 

These studies are of importance to this proposed work in that they have variously attempted to 

define a range of scenarios describing radiometric and structural impacts of biomass burning 

in investigating relationships between composite ecological measures and composite remote 

sensing measures. In addition, they help to elucidate the nature of the dependence of the 

remote sensing signal (particularly at near infrared and middle infrared wavelengths) on the 

potential impacts of biomass burning.  

 

More ambitiously, Kötz et al. (2004) inverted a GEOSAIL/PROSPECT model against 

imaging spectrometer data to attempt to estimate a range of biophysical parameters canopy 

LAI, fractional cover, water content and dry matter. The inversion was probably greatly aided 

by the inclusion of site-specific parameter ranges used in building a LUT for inversion. They 
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suggest that LIDAR might provide a valuable complimentary source of information for future 

remote sensing of such properties. De Santis and Chuvieco (2007) have used a simple 

inversion technique of the model developed by Chuvieco et al. (2006) to estimate burn 

severity from Landsat TM images in Mediterranean forest, providing a better performance 

than empirical models.  

 

Although multi-angle data have been provided for numerous studies of vegetation, and of a 

burned surface created in a laboratory (Lajas 2000), only Trigg et al. (2005) measured in-situ 

the anisotropy of burned areas using a spectroradiometer over nine hours at burned and 

unburned shrub and grass sites in Namibia. Figure 11 illustrates some of their results:  the 

outer circle in the photos shows the spectroradiometer surface field of view (28cm diameter) 

and the inter circle shows the field of view at the canopy top.The grass site (top row) 

comprised senescent0.4m high Eragrostis Pallens that burned almost completely, whereas the 

shrub site (bottom row) comprised wilted but still green 0.5m high Diospyros Chamaethamnus 

that burned to reveal woody stems. Shadows cast by the unburned and burned elements were 

most evident in the shrub site.  

2.5.3 Potentials for Physically-based modelling 

Remote sensing clearly has a large role to play in both the detection of biomass burning events 

and ideally in the quantification of factors related to the magnitude of such an event such as 

total carbon release, combustion completeness and severity. Thermal observations can 

potentially provide estimates of FRE (to estimate carbon release) or more simply used to 

 

Figure 11. Photographs from Trigg et al. (2005) of unburned (left column) and 

burned (right column) grass (top panel: a and b) and shrub (lower panel: c and d). 
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detect the presence of active fires, provided clear observations are available. Optical 

observations at near infrared and middle infrared wavelengths show the greatest sensitivity to 

biomass burning (see e.g. Roy et al., 2002) and provide evidence for there having been a fire 

by examining sudden changes at these wavelengths.  Most attempts to detect fire-affected 

areas from optical remote sensing data involve the detection of changes in empirical indices, 

typically based on measurements at these wavelengths. Similarly, most efforts to characterise 

features of the fire regime, such as assessments of pre-burn dry fuel content or severity 

measures are based on a range of indices responding to changes at similar wavelengths. Issues 

associated with such indices are discussed above, although the design of ‗bespoke‘ indices for 

particular sensors and tasks can somewhat ameliorate such problems. There is some potential 

for using hyperspectral observations for the characterisation of fire-affected areas, although 

other than LMM studies this has not been thoroughly investigated.  

 

Much of the optical data that might be used to assess burn characteristics and events 

incorporates variations in viewing and illumination angles, leading to signal variations not 

associated with any change in surface features. This can be successfully ‗tracked‘ using semi-

empirical BRDF models and normalised or accounted for in the detection algorithm. There is 

potential for the inversion of more physically-based models of BRDF using multi-angular data 

such as those from wide field of view sensors (SPOT VGT, MODIS etc.) or other forms of 

multi-angle imaging capabilities (CHRIS-PROBA, MISR), although it is unlikely that all 

biophysical terms that might change as a result of biomass burning could be unambiguously 

estimated from BRDF data alone without strong constraints from elsewhere. 

 

The information content of multi-angular data for characterising the impact of fires has been 

largely unexplored. Although it is suggested above that changes in relative BRDF (normalised 

by e.g. nadir reflectance or another multiplicative term before and after fire) may in fact be 

quite subtle, the most likely value of such information would be in attempting to separate 

spectral changes in different layers of a canopy (e.g. suggesting the combustion of a grass 

understorey rather than trees in a savanna fire).  Such a separation is in theory also achievable 

using the inversion of the two-stream model of Pinty et al. (2007), in that it this approach has 

been used to detect variations in background albedo in the presence of snow, so it is quite 

possible that angularly-integrated observations (e.g. spectral albedo or similar quantities) 

could be used to distinguish changes in over-storey and under-storey properties. 

 

A range of BRDF models might be used to elucidate the relationship between biomass burning 

impacts and remote sensing signals. As noted above, the most flexible such models are 

numerical solutions using methods such as Monte Carlo ray tracing. The particular role of 

such models here would be to calculate directional spectral reflectance for a range of physical 

scenarios of biomass burning for various biomes, to allow a detailed exploration of the factors 

affecting the signal. This would permit a quantification of the potential to derive fire-related 

information from such data, as well as allow examination of parameter coupling and other 

effects. Such simulations will also be used to design and build inversion schemes (using LUTs 

or similar approaches). The geometric scenarios to be modelled can be simple (manifestations 

of GORT/GEOSAIL type models) as in figure 6b or more structurally complex 3D tree 

models such as those used by Disney et al. (2006). 3D numerical models can also potentially 

be used to simulate other types of radiometric response, such as LiDAR (e.g. Lewis, 1999). As 
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noted above, we do not expect to unambiguously estimate all terms from remote sensing data 

alone, so it is important to consider the potential impact of ancillary information (and the 

potential sources for this, such as alternative remote sensing datasets such as LiDAR, land 

cover-based constraints or the integration of the detection algorithms with dynamic vegetation 

models). 

 

We have also noted the value of semi-empirical and simpler analytical BRDF models in the 

context of this study. When inverted against observations, the former provide a set of semi-

empirical descriptors of reflectance that show sensitivity to various factors including canopy 

macrostructure arrangement (e.g. tree number density). Whilst the parameters have no direct 

physical meaning, it would be of value to explore potential relationships between biomass 

burning-related terms and these parameters and potentially aid differentiation between crown 

and ground impacts. Analytical 1-D radiative transfer models have been used by e.g. Chuvieco 

et al. (2006) to investigate fire impacts on canopy reflectance. When considering 3D structural 

arrangement, such models can potentially be modified to account for macrostructure clumping 

effects. GORT/GEOSAIL-type models provide more flexibility in accounting for such effects, 

but will not generally be as accurate or flexible as numerical solutions. 

 

The overall aim of this study then is to further our understanding of factors affecting the 

spectral and directional characteristics of burned surfaces, with a view to the estimation of 

biophysical variables that characterise the burning. This is to be achieved through developing 

and validating appropriate optical radiative transfer models in forward mode for burned 

surfaces, and applying models in inverse mode to retrieve parameter estimates from 

observations of such surfaces, and delivering an end-to-end simulation tool for both forward 

and inverse mode. 
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3 Algorithm Theoretical Basis 

3.1 Introduction 

The overall purpose of the study is to develop a refinement of EO-derived information on area 

affected by wildfire using radiative transfer models. The specific propose of this chapter is to 

develop and describe an algorithm that could be implemented to achieve that aim.This 

algorithm is called ‗FCC‘ version 1.0. The algorithm developed in the ATBD is intended to be 

used as a supplement to existing EO methods of detecting area affected by fire and a 

refinement of the information provided. The algorithm is primarily designed to consider the 

impacts of a recent fire (vegetation re-growth is not explicitly considered) although it also has 

applicability to monitoring of the longer-term impacts (or impacts after a longer time interval). 

It should be possible to merge the information provided from this algorithm with other EO-

based monitoring of fires (e.g. FRE) to better constrain estimates of fire impact and Carbon 

release. 

3.2 Intended Operation of the algorithm 

3.2.1 Scope of the algorithm 

Many, but not all, wildfires require high temporal resolution data for their detection and 

observation of their impact. This is particularly true of savanna fires where char and ash 

deposits may dissipate some days after fire and reduce the detectable impact of fires. Further, 

at the end of a dry season, rain events may cause new (green) vegetation to sprout after fire, 

again potentially swamping any ‗signal‘ relating to the impact of the fire. This algorithm is 

intended to model and characterize the immediate impact of fire on vegetation, principally to 

relate to the short-term carbon loss due to fire (and thereby also more closely relate to other 

forms of observations of this from remote sensing, such as Carbon release estimates from Fire 

Radiative Energy (FRE)). Other impacts of wildfire may be ‗death‘ of (trees) as a longer-term 

impact of the fire. This algorithm is not intended to explicitly attempt to deal with such 

effects, although it is likely that the approach could be easily extended to characterize such 

effects. 

 

Daily or near-daily global coverage tends to imply the use of moderate resolution satellite 

sensors such as SPOT VEGETATION, MODIS, MERIS. If such data are used to observe 

wildfires, the area affected by fire may very often be less than the projected IFOV of the 

sensor. There is an approximate linear relationship between the logarithm of frequency of 

occurrence and the logarithm of fire size (area). This means that the likelihood is a large 

number of small fires and a small number of large fires. Even large fires do not have 

boundaries that neatly fall into the supposed shape of satellite sensors‘ IFOVs. Further, even 

in large fires, pockets of unburned vegetation may occur. Many circumstances arise then 

whereby only some proportion of a pixel is affected by fire. This is further complicated if one 

considers for example the fact that much vegetation exists in multiple vertical layers and that 

wildfire may affect only some of these layers. Even if we were able to accurately detect all 

wildfires from remote sensing, a simple summation of the product of the supposed area of a 

‗pixel‘ and the number of pixels affected by fire does not give a true estimate of the total area 

affected.  
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In reality, the smaller the proportion of a pixel affected by fire, the less likely it is that it will 

be detected in the first place from remote sensing (especially in the presence of complicating 

factors such as BRDF effects (see below)). In effect, there will be some ‗detection threshold‘ 

below which some algorithm will not produce reliable results. We suggest that this is largely 

controlled by the proportion of a pixel affected by the fire, although it is clearly also 

conditioned by the degree of impact of the fire within the area affected and by the degree of 

‗masking‘ of the impact of fire by non-affected vegetation. This point can be practically 

illustrated by examining the results of Rebelo (2005) (Figure 12) who compared a new 

prototype algorithm with the results of a previous study (GBA2000).  GBA2000 (Tansey et 

al., 2005) uses SPOT VGT data and a range of local algorithms to look for evidence of prior 

wildfire. For Southern Africa, this is achieved by tracking the minimum near infrared value of 

apparent reflectance, but takes no account of BRDF effects (discussed below). Figure 12a 

shows areas detected by both methods in black, but areas detected only by Rebelo (2005) in 

red. Figure 12b shows the relative change in near infrared reflectance that is in this context 

effectively a measure of fire impact on the signal that relates in some way to the proportion of 

pixel burned (and/or the impact of the fire within that proportion) (see below). Close 

examination of the data shows that both algorithms operate equally well when the impact of 

the fire is large (the black areas). When the proportion of pixel affected is smaller however (at 

the fire peripheries and for smaller areas affected) and the signal change is smaller, the less 

‗subtle‘ GBA2000 algorithm is unable to detect evidence of fire. Thus, these two algorithms 

have different detection thresholds. A more refined algorithm that models BRDF effects can 

detect changes down to around 15% relative near infrared change, but one that treats this as a 

source of noise (such as GBA2000) can only detect changes around twice that magnitude. 

Variation in this ‗detection threshold‘ alone can lead to large discrepancies between different 

products, where generally only ‗total area‘ (detected) is quantified. This makes it particularly 

difficult to compare products from different algorithms. This in turn confuses issues about the 

pros and cons of particular sensors (it is quite possible that if the Rebelo algorithm had been 

applied to the VGT data, the results would have been similar to those from MODIS).  

 

 

(a)   (b)  

Figure 12(a) Comparison between fire-affected area for a part of Southern Africa 

calculated by the GBA2000 product and by Rebelo (2005). Black indicates detection by 

both methods, red indicates detection only by Rebelo; (b) relative change in NIR 

reflectance 
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If then we can estimate the proportion of a pixel affected by fire, coupled with a measure of 

the impact of the fire on the vegetation, we can more reasonably sum the total amount of 

vegetation affected by fires. There will always be issues with non-detection (and misdetection) 

of fire impacts by any approach (due to cloud cover, orbital constraints, incorrect 

interpretation of the burn signal etc.), but current efforts implicitly rely on approaching a 

reasonable estimate of the total area affected by trusting that the trade-off between the under-

reporting of fires caused by the algorithm detection threshold (generally unknown) and the 

over-estimation caused by assuming that all pixels are equally affected by fire balance out. 

This is a very uncontrolled approach to estimation that could be greatly improved by 

quantifying in some way the impact of the fire on a pixel. 

 

The ‗bottom up‘ approach to quantifying the amount of Carbon or other gases and particulates 

injected into the atmosphere is discussed above (equation 2.1): total carbon emission Ct from a 

particular biome (g of dry matter/yr) is the product of the area affected by fire A (m
2
/yr), the 

average organic matter per unit area (g dm/m
2
) B, BE is the burning efficiency (proportion of 

biomass consumed as a result of fire) and Er the emission ratio (proportion of gas released per 

unit biomass load).  In effect this is the product of the dry biomass (g dm) consumed by the 

fire and the emission factor (proportion of emission of a particular gas or aerosol). The top-

down approach discussed above is to use Fire Radiative Energy (FRE) to more directly 

estimate Ct. If any of these terms are derived from optical remote sensing then clearly the sub-

pixel proportion of area affected by fire should also be included in equation 1.1 (rather than 

hoping that this will average out through missing small and low-intensity fires). Whilst the 

amount of (dry) biomass consumed by fire might feasibly be estimated from microwave or 

lidar measurements, this is far from straightforward or reliable. The significant work put in to 

develop algorithms for the detection of area affected by fire in recent decades means that we 

are moving towards a situation where we might consider the term A (now or in the near 

future) relatively well constrained. If we can remotely estimate a term relating to the BE (or 

combustion completeness, see below) from optical remote sensing data, then we will have 

further progressed our ability to characterize both the impact of wildfire on vegetation 

canopies and the carbon release due to fire. A combination of the bottom-up and top-down 

approaches in the medium term then offers even greater scope for such characterization. 

3.2.2 Requirements for the algorithm 

If we assume then that sub-pixel impacts are the major effect that we wish to model, we need 

to develop an algorithm to be able to reliably achieve this from spaceborne observations. We 

also would like the algorithm to at a minimum respond to, but ideally characterise additional 

terms in equation 2.1 relating to the impact of the wildfire on the vegetation. Ideally, the 

algorithm should operate globally, with no or a minimal number of local ‗tweaks‘. 

Additionally, we would like the algorithm to be able to operate using different remote sensing 

instruments and provide an estimate of uncertainty on its result. Ideally, the algorithm should 

not be too costly computationally, although this is not a strict requirement as there may always 

be ways of speeding things up for any operational implementation. 
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3.2.3 Structure of this section 

This section (in combination with the review above) has laid out the general requirements for 

refining our characterisation of wildfire from spaceborne remote sensing. Below we discuss 

the characterisation of ‗burn signals‘ i.e. the measure any algorithm will need to key off. This 

includes a discussion of complicating factors such as BRDF effects and simple approaches to 

deal with these. The spectral characteristics of fire impacts are then considered, both from 

evidence from remote sensing studies and from an investigation of field and laboratory 

spectra. A brief discussion is presented of various attempts to ‗explain‘ the burn signal in 

remote sensing data from the perspective of ‗burn indices‘ and linear mixture modelling. From 

these analyses, we suggest that a simple generic spectral model might be considered to model 

the impact of wildfire, and demonstrate the application of this in a spectral mixture model 

interpretation of fcc. This then is presented as a practical and simple algorithm that is capable 

of quantifying the degree of impact of wildfire in vegetation canopies. Validation of the 

approach is considered in more detail below. 

3.3 Detection of wildfires 

3.3.1 Burn signals 

3.3.1.1 Signal change detection issues: BRDF 

3.3.1.1.1 BRDF effects 

The review of remote sensing of fire above details the various ways in which wildfires can be 

detected using EO data. When attempting this using optical data, Roy et al. (2001) note that 

so-called BRDF effects (variations in reflectance caused only by changes in sun-target-sensor 

geometries present in all geostationary and wide field of view polar-orbiting satellite data) 

complicate the detection of ‗burn‘ signals as the change in the signal due to the impact of 

wildfire may often be of the same order of magnitude as the BRDF effects. Whilst such 

impacts might be limited by restricting the viewing geometry of samples used in any 

algorithm, this is not generally a good idea as the likelihood of a fire being missed increases 

with decreasing sampling: indeed the real benefit to wildfire detection offered by moderate 

resolution polar-orbiting sensors such as MODIS is the high repeat coverage resulting from a 

wide field of view from low earth orbit (LEO). Roy et al. (2001, 2005) showed how the BRDF 

effects could be incorporated into a burned area detection algorithm. In essence, a (simple) 

model of the BRDF is fitted to a set of observations over a temporal moving window and used 

to predict the reflectance of the following observation, along with an uncertainty on this 

prediction. The model is linear in form and therefore fast to invert and has been shown to be 

capable of describing BRDF effects for a wide variety of surfaces. A comparison is then made 

between the prediction and the subsequent measurement to determine how much the latter 

agrees with the prediction. If there is a change in the signal detected and certain temporal and 

spectral tests are passed, it is labelled as likely to be a burn signal. 

 

A similar approach is followed by Rebelo (2005) and Rebelo et al. (2005), but here, the 

limitation of having to assume the BRDF constant over the sample temporal window is 

relaxed by assuming an underlying cubic function of time in the signal with a (potential) step 

change on the day of the fire. This allows several months of data to be processed at the same 
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time with is potentially more rapid that the approach of Roy et al. (2001). The resulting model 

is essentially linear in form, except for the ‗break point‘ parameter (the step at the day of the 

fire) that requires non-linear methods that slow down the current implementation.  

 

Whilst a range of BRDF models exist of varying complexity (see section 2) these approaches 

simply require a BRDF model that is capable of describing the spectral directional reflectance 

given some samples of BRF . Here i is the sample index (i=0,N),  is the viewing 

vector,  the illumination vector and  the waveband. Whilst there are various candidate 

models of the ‗semi-empirical‘ class, we consider only linear models here due to their direct 

link with operational fire products (Roy et al., 2005). 

3.3.1.1.2 Linear kernel-driven models  

This class of models is due to Roujean (1992) and Wanner et al. (1995). The models are 

generally of the form of equation (3.1).  

 

𝜌𝜆
 Ω,Ω′ = 𝑓

𝑖𝑠𝑜,𝜆
+ 𝑓

𝑣𝑜𝑙,𝜆
𝐾𝑣𝑜𝑙 Ω,Ω′ + 𝑓

𝑔𝑒𝑜,𝜆
𝐾𝑔𝑒𝑜 Ω,Ω′ ,     (3.1) 

 

where  are the model parameters (for wavelength ) and  are the kernels, the 

latter being functions of viewing and illumination angles only. Typically three kernels are 

used: j = {iso, vol, geo}, representing an isotropic term (the kernel being unity, the associated 

parameter being defined as nadir reflectance at nadir illumination), a contribution from 

volumetric scattering (an approximation to a solution for the first-order scattering from a 

turbid medium), and a ‗geometric‘ or shadowing kernel, derived from consideration of the 

proportion of illuminated surface viewed from a surface with protrusions. Whilst the forms of 

the model parameters given in e.g. Wanner et al. (1995) suggest them to be a function of 

biophysical parameters (principally LAI, soil reflectance and leaf single reflectance and 

transmittance) the semi-empirical nature of their formulations make direct interpretation of 

such parameters difficult.  

3.3.1.1.2.1 Inversion and prior knowledge 

One significant convenience of such models is that they are linear in form and so the 

parameters may be estimated simply through least-squares matrix inversion, provided there 

are sufficient samples and the samples are well-enough distributed in angular space. Due to 

the linear nature of the models, the uncertainty in parameters or linear products thereof may be 

simply calculated if a Gaussian distribution of observation errors is assumed (Lucht and 

Lewis, 2000). Uncertainties in the ability to predict reflectance depend on the angular 

sampling regime and uncertainties in the observations.  

 

Inversion is often performed using a sample set from some temporal window of observations 

from a wide field of view sensor. There are variations around this approach to account for the 

fact that there may often in practice not be sufficient samples (e.g. due to cloud or cloud 

shadow) or the samples may not span a wide enough portion of angular domain: Pokrovsky et 

al. (2003a,b) and Geiger et al. (2003) apply a temporal weighting within the window to make 

the kernel parameters correspond more closely to those of a particular date for the MSG 

SEVIRI albedo product; Li et al. (2001) constrain the inversion by prior knowledge on kernel 

parameters; Samain et al. (2008) apply a Kalman filter in an assimilation scheme to estimate 
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the temporal dynamics of the parameters; Rebelo (2005) assumes a cubic function of time for 

the isotropic parameter. A recent paper by Quaife and Lewis (2010) suggests that a range of 

related regularisation methods may be appropriate for this task, based on concepts of local 

smoothness, perhaps modulated by a function of slope at temporal discontinuities (edge-

preserving regularisation). 

 

In a sense all of these modifications to the inversion method make use of some form of prior 

information: for Samain et al. (2008) and Quaife and Lewis (2010) the prior information 

comes from a zero-order process model (the parameters for day t+1 are likely to be the same 

as the parameters for day t with some degree of process uncertainty); the method of Pokrovsky 

et al. (2003a,b) and Geiger et al. (2003) essentially assumes an uncertainty increase with time 

for the observations (which as a moving window applies a smoothness constraint); Rebelo 

(2005) assume an explicit form (low order polynomial) for the temporal dynamics giving a 

temporal smoothness constraint; and Li et al. (2001) assume that a database providing 

knowledge of the mean and variance/covariance of parameters can be used as prior 

information.  

 

Strugnell and Lucht (2001) and Strugnell et al. (2001) proposed that one could reasonably 

model BRDF dynamics by a simple multiplication of a characteristic BRDF ‗shape‘. This 

concept is used to provide the back-up algorithm for the MODIS BRDF/`albedo product, 

allowing an estimate of BRDF and albedo when only a small number of observations are 

available. While considered a lower quality result, this MODIS backup algorithm performs 

well under normal situations (Jin et al. 2003a, b; Salomon et al. 2006). This is an intriguing 

idea and one that could be suggested as the route of subsequent work such as that of Latifovic 

et al. (2003) and Rebelo (2005), as well as other applications such as that of Roy et al. (2008). 

Although it ‗seems to work‘ well, there is little or no theoretical basis for this. However, there 

is a growing body of empirical evidence that it is not an unreasonable assumption to make in 

developing temporal BRDF models.  Of particular relevance here are the observations of 

Rebelo et al. (2003; 2004; 2005) and Rebelo (2005) that for moderate resolution data, the 

BRDF after fires (in southern Africa) is to a large degree the same as the BRDF before the 

fire, modulated by a multiplicative factor (see e.g. Figure 10). 

 

Arising from these observations, the core assumption underlying the method of Rebelo (2005) 

is that, over time periods of up to around three months, spectral BRDF variations appear to be 

well modelled by assuming: 

 

𝜌𝜆
 t,Ω,Ω′ = 𝐹𝜆(𝑡)𝜌𝜆

 Ω,Ω′          (3.2) 

 

which in the case of the additive kernel model described here is approximated to: 

 

𝜌𝜆
 t,Ω,Ω′ = 𝑓

𝑖𝑠𝑜,𝜆
(𝑡) + 𝑓

𝑣𝑜𝑙,𝜆
𝐾𝑣𝑜𝑙 Ω,Ω′ + 𝑓

𝑔𝑒𝑜,𝜆
𝐾𝑔𝑒𝑜 Ω,Ω′     (3.3) 

 

which is generally a reasonable approximation, provided the isotropic signal is greater than the 

angular component. In considering the extraction of information concerning wildfires, 

Equation (3.4) may be rather significant, as it implies: 
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𝜌𝜆 t1,Ω,Ω′ −𝜌𝜆 t2,Ω,Ω′ 

𝜌𝜆 t2,Ω,Ω′ 
= 1 −

𝐹𝜆 t2 

𝐹𝜆 t1 
       (3.4) 

 

i.e. the relative change in a (reflectance) signal (obtained under the same angular 

configuration) between two times does not vary with viewing or illumination angle. When 

considering transforms of this sort however, the assumptions made may not hold quite as well. 

We can conceive of many physical scenarios where this ratio would be expected to vary with 

angle, for instance if a ground ‗burn‘ signal is modulated by an (unburned) tree overstorey 

(see section 5 below) and the proportion of tree ‗seen‘ varies with view angle. 

3.3.1.1.3 Angular integrals 

One other feature of these models that arises from the separation of spectral parameter and 

angular kernels is that angular integrals of reflectance are calculated as a weighting of angular 

integrals of the kernels: 

 

 𝜌𝜆
 Ω,Ω′

 𝑤  Ω,Ω′
 dΩdΩ′ = 𝑓

𝑖𝑠𝑜,𝜆
+ 𝑓

𝑣𝑜𝑙,𝜆
𝐾𝑣𝑜𝑙 w,Ω,Ω′ + 𝑓

𝑔𝑒𝑜,𝜆
𝐾𝑔𝑒𝑜 w,Ω,Ω′  

 

where: 

 

𝐾𝑖 w,Ω,Ω′ =  𝑘𝑖  Ω,Ω′
 𝑤  Ω,Ω′

 dΩdΩ′
       (3.6) 

 

Albedo is the total proportion of solar illumination reflected by a surface. As such, it is an 

integral of reflectance over exitant angles and wavelength for some given spectral and 

directional illumination conditions and not directly an intrinsic surface property. In the case of 

linear kernel-driven models (Wanner et al., 1995) such terms are simply linear combinations 

of the model parameters and so can be pre-calculated
8
 allowing for rapid calculation of terms 

directional-hemispherical and bi-hemispherical reflectance (‗black-‗ and ‗white-sky‘ albedo as 

they are sometimes termed). This means that approaches that take advantage of multi-angular 

observations within such a context provide a straightforward route to calculating the radiative 

impact of wildfires (radiative forcing). 

3.3.1.1.3.1 Angular normalisation 

One useful side-product of a wildfire detection algorithm that incorporates a BRDF model is 

that once the model has been fitted to the data, the observations can be normalised (to show 

the underlying temporal dynamics more clearly – the magenta line in Figure 15 below). 

Indeed, such normalisation was one of the first applications of the class of models typically 

used to describe BRDF effects (Roujean et al., 1992).  

3.3.1.2 Incorporating BRDF effects 

The result of considering BRDF effects in a wildfire (or other change) detection algorithm is 

that a significant portion of what would otherwise be considered noise (i.e. the BRDF effects) 

are explicitly modelled and accounted for. This means that even rather subtle changes in signal 

can be correctly identified as being caused by wildfires, with an estimated detection threshold 

                                                 
8
 http://www-modis.bu.edu/brdf/userguide/param.html 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

61 

of around 15% in the relative change in the near or shortwave infrared reflectance (Rebelo, 

2005) (Figure 12).  

 

Figure 13. Various burn indices from MODIS 8-day composite product for an area of 

Boreal forest (from Loboda et al., 2007) 

 

This is further illustrated by the data shown in Figure 13 for a typical set of indices from the 

literature that show sensitivity to biomass burning (Loboda et al., 2007). Although not 

considered explicitly in the paper, it is very likely that the relatively large variations in the 

signal before the burn, and some proportion of those after the burn are due to BRDF effects. 

This in turn complicates the definition of thresholds for such measures when used in fire-

affected area detection. 
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3.3.1.3 Spectral variation in burn signals 

There have been several studies of the spectral impacts of wildfires. Roy et al. (2001) for 

example (Figure 14) shows the impact of wildfire (those detected with thermal observations) 

on the spectral reflectance of MODIS (wavebands given in Table 1) over Southern Africa 

(Roy et al., 2005 shows data for further study areas around the globe). The open circles show 

mean and one standard deviation of reflectance prior to burning. The closed circles show the 

distribution after a fire. A distance metric between pre- and post fire signals clearly shows 

bands 2 and 5 to be the most strongly affected by fire impacts, followed by band 6 (i.e. the 

near and shortwave infrared). The signal changes in all of these bands are much stronger than 

even changes in vegetation indices (NDVI) or surface temperature. Changes in visible 

reflectance and MODIS band 7 (around 2130 nm) tend to be quite small. For these reasons, 

Roy et al. (2001) and Rebelo et al. (2005) define algorithms based on looking for ‗strong‘ 

changes in MODIS bands 2 and 5 compared to changes in bands 1 and 7. 

 

Figure 15. MODIS reflectance as a function of time around a burn event (DOY 239) showing 

measured (blue) and modelled (green) reflectance using the approach of Rebelo (2005).shows 

a typical example of (MODIS) reflectance data in the Southern African dry season in 2003 

(MODIS collection 4 data for column 87 row 2028 for tile H20V10). The figure also 

demonstrates the ability of the approach of Rebelo (2005) to describe the day-to-day variation 

in reflectance very accurately: RMSE 0.011, 0.012, 0.008 and 0.010 for data in panels a-d 

respectively. These compare favourably with the absolute errors quoted for the MODIS 

product (MOD09) ingested into the detection algorithm: 0.015, 0.013, 0.004 and 0.006 

respectively (Roy et al., 2005). Although RMSE is not a direct measure of accuracy, fitting a 

model so that the RMSE is similar to the expected noise in the data shows confidence in the 

appropriateness of the model used. A fire is clearly detected on DOY 239 in this example due 

to the strong change in reflectance at that point in the bands for which we know wildfire 

impacts to be strong. The algorithm is capable of detecting such a signal even though there is a 

relatively rapid increase in reflectance in all bands soon after the fire event. 

 

Band Wavelength 

b01 620 - 670 nm 

b02 841 - 876 nm 

b03 459 - 479 nm 

b04 545 - 565 nm 

b05 1230 - 1250 nm 

b06 1628 - 1652 nm 

b07 2105 - 2155 nm 

Table 1. MODIS wavebands 
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Figure 14. Impact of burning on reflectance in MODIS wavebands. Pre- (open circles) 

and post-fire (closed circles) reflectance distributions (mean and +/- one standard 

deviation) for MODIS land wavebands over Southern Africa (from Roy et al., 2002). 

Band number refers to MODIS land band numbers (see Table 1). 
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(a) Band 2 (858 nm) 

 
(b) Band 5 (1240 nm) 

 
(c) Band 1 (645 nm) 

 
(d) Band 7 (2130 nm) 

Figure 15. MODIS reflectance as a function of time around a burn event (DOY 239) 

showing measured (blue) and modelled (green) reflectance using the approach of Rebelo 

(2005). 
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(a) (b) (c) (d)  

Figure 16. Images of varying degrees of burn severity from Van Wagtendonk et al. 

(2004). (a) High; (b) Moderate; (c) Low; (d) Unburned 

(a) (b)  

(c) (d)  

Figure 17. AVIRIS spectra for pre- and (1 year) post fire for fires of varying degrees of 

burn severity from Van Wagtendonk et al. (2004). (a) High; (b) Moderate; (c) Low; (d) 

Unburned 

For fires in a forest environment, for example Yellowstone considered by Van Wagtendonk et 

al. (2004) (Figure 16, 17), the degree of severity of the wildfire effectively corresponds to the 

proportions of litter/duff and other ground debris (e.g. logs) and needles on the trees 

consumed. For example, a moderate severity fire would leave some scorched needles on the 
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trees, whereas a high severity fire would consume the needles and perhaps small branches. 

Figure 17 shows the AVIRIS spectra corresponding to varying severity fire impacts shown in 

Figure 16. The spectral impact of the various fires is a reduction in NIR reflectance and a 

corresponding increase in the SWIR.  

 

Figures 18-20 and Figure 11illustrate typical physical impacts of a fire on a savanna 

ecosystem. Savannas are characterised by an herbaceous (typically grass) layer and a sparse 

tree cover. They are subject to regular fires, but the direct impacts are generally restricted to 

the herbaceous layer. This results in the grass being replaced by bare soil, black char and often 

some proportion of ‗white‘ ash from intense burns of Large downed woody debris (LDWD) 

(often leaving ‗ghost‘ patterns on the ground) (Smith and Hudak, 2005). Smith and Hudak 

suggest that carbon released to the atmosphere from burning of LDWD during wildfires in 

savanna may be a very source of emission that is currently not well accounted for. They 

suggest that remote sensing of white ash may be one method to attempt to achieve this.  

 

Herbaceous plants are characterised by leaves and stems die at the end of the growing season. 

During the ‗fire season‘ (i.e. when wildfires are liable to break out and spread) the herbaceous 

layer is generally senesced and dry, so unless there has been a previous fire or heavy grazing, 

there is often a plentiful fuel supply for fires. If fire is suppressed in such areas, the herbaceous 

fuel load can increase year on year, generally leading to larger impact fires when they do 

occur. 

 

 

 

Figure 18. Ground photograph of residues after burning: experimental fire in KNP, 

South Africa (image courtesy M.Wooster) 
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Figure 19. MODIS spectral bi-hemispherical and nadir reflectance (with nadir 

illumination) before and after fire 

(a) (b)  

Figure 20. Impact of savanna experimental burn, KNP, S.outh Africa (Images 

courtesy M. Wooster): (a) pre-fire; (b) post fire 
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Figure 19 shows a typical example (the same pixel shown in Figure 15) of the spectral impact 

of a wildfire in a savanna ecosystem for the four MODIS wavebands used by Rebelo (2005). 

As noted above, the main spectral impact is essentially a drop in the near infrared reflectance 

(about 15% of the signal here), although (as in Figure 15) the SWIR reflectance increases. The 

same pattern shows in both nadir reflectance (with nadir illumination) and bi-hemispherical 

reflectance (effectively spectral albedo).   

 

Chuvieco et al. (2006) suggest that in considering fire impacts, a distinction must be made 

between observing the impacts of recent (< 2 weeks) fires and the longer-term impacts. The 

main difference is that, as illustrated above, char and ash deposits may dominate the signal of 

a recent fire, but these may dissipate some time afterwards (due to wind etc.). In addition, 

trees damaged by fires may not immediately show great physical signs of the impact from an 

EO perspective but may have reduced growth or die some time post-fire. As noted above, we 

concentrate the development of a monitoring approach here to this recent post-fire period, but 

we will also examine its operation at an annual time step for the AVIRIS data in Figure 17. 

3.3.2 Explaining the burn signal 

The task at hand is essentially to develop an algorithm that can explain the change in a 

remotely sensed (optical) signal in quantities of interest to ecological/carbon science. As noted 

above, we restrict this study to the impacts of recent burns, assuming that a post-burn signal is 

available within around two weeks of the fire. 

3.3.2.1 Burn indices 

Whilst various ‗burn ratio‘ methods have been developed they suffer from the deficiencies of 

all ‗indices‘ in using only limited information, often being sensitive to unwanted effects (such 

as view angle variation) and not providing any direct physical explanation of the phenomenon 

being monitored. The style of transformation used is perhaps of more general interest. One of 

the most common measures is the NBR, the differenced Normalised Burn Ratio, being the 

difference between the NBR pre-fire and that post-fire. The NBR is a normalised difference 

ratio between NIR and SWIR (e.g. TM bands 4 and 7 respectively (0.75 - 0.90µm, 2.08 - 

2.35µm)). Since we have seen above that a typical ‗burn‘ signal is an increase in SWIR and a 

decrease in the NIR, we define the change in NIR (typically negative) as NIR and the change 

in SWIR (typically positive) as SWIR: 

 

𝑁𝐵𝑅𝑝𝑟𝑒−𝑓𝑖𝑟𝑒 =
𝜌𝑁𝐼𝑅 − 𝜌𝑆𝑊𝐼𝑅

𝜌𝑁𝐼𝑅+𝜌𝑆𝑊𝐼𝑅

 

𝑁𝐵𝑅𝑝𝑜𝑠𝑡−𝑓𝑖𝑟𝑒 =
𝜌𝑁𝐼𝑅 − 𝜌𝑆𝑊𝐼𝑅 + 𝛿𝑁𝐼𝑅 − 𝛿𝑆𝑊𝐼𝑅

𝜌𝑁𝐼𝑅 + 𝜌𝑆𝑊𝐼𝑅 + 𝛿𝑁𝐼𝑅 + 𝛿𝑆𝑊𝐼𝑅
 

Δ𝑁𝐵𝑅 =
𝛿𝑁𝐼𝑅 − 𝛿𝑆𝑊𝐼𝑅

𝜌𝑁𝐼𝑅 + 𝜌𝑆𝑊𝐼𝑅
 

       (3.7) 

 

 

where 𝑁𝐵𝑅𝑝𝑟𝑒−𝑓𝑖𝑟𝑒 is the pre-fire NBR, 𝑁𝐵𝑅𝑝𝑜𝑠𝑡−𝑓𝑖𝑟𝑒 the post-fire NBR, 𝜌𝑖 the reflectance in 

band i. The approximation in Equation 3.7 holds if the increase in SWIR reflectance and the 
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decrease in NIR reflectance are of similar magnitudes (this is not a necessary condition for 

NBR to operate but is useful for illustrative purposes). If for the sake of illustration, we 

assume the NIR and SWIR reflectance to be of similar magnitude (a reasonable assumption 

for dry vegetation), we could recognise the NBR (under these conditions) as a form of 

(mean) relative change in reflectance.  

 

Roy et al. (2006) argue that NBR is far from an optimal measure of burn severity (note that 

they call what we term here SWIR the MIR). This is illustrated in Figure 21 where the 

‗spectral transition‘ due to fire activity is rather far from being perpendicular to the constant 

NBR isolines (the ‗optimal‘ case). In the context of the discussion above, we can observe that 

for both cover types shown, the NIR increase is significantly larger than that in the SWIR and 

in fact the SWIR change may be slightly positive. If we approximate this as assuming SWIR 

zero, NBR becomes:  

 

Δ𝑁𝐵𝑅 =
−2𝛿𝑁𝐼𝑅 𝜌𝑆𝑊𝐼𝑅

 𝜌𝑁𝐼𝑅 +𝜌𝑆𝑊𝐼𝑅   𝜌𝑁𝐼𝑅 +𝜌𝑆𝑊𝐼𝑅 +𝛿𝑁𝐼𝑅  
       (3.8) 

 

which is rather a different measure to the approximation in Equation 3.7, and may go some 

way to explaining why interpretation ofNBR  is not straightforward. 

 

 

Figure 21. NIR / MIR (SWIR) feature space plots for areas affected by fire from Roy et 

al. (2006).  Open circles show pre-fire signals and closed circles post-fire values. Data 

values shown on left, mean trajectories on right. 

 

According to Lutes et al. (2006) (cited in Robichaud et al., 2007) an increase in NBR results 

from one or more of the following: an increase the amount of scorched and blackened 

vegetation and a decrease in green vegetation, a decrease in vegetative and soil moisture, and 

an increased exposure of light-coloured soil and char/ash. Chuvieco et al. (2006) conducted a 

(turbid medium) radiative transfer modelling exercise examining the impact of such effects on 
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various remote sensing indices. Defining the multiple impacts on the vegetation via a 

Composite Burn Index (CBI) (considering two layers of vegetation over a soil substrate), they 

perform a multi-linear regression between CBI and a set of indices. One of their main 

conclusions is that CBI values are more difficult to estimate for lower values of CBI, as soil 

colour variations may lead to greater uncertainties for low LAI. Van Wagtendonk et al. (2004) 

suggest that the relationship between NBR and CBI is non-linear in form, and that it 

effectively saturates for CBI values above 2 (the CBI scale is 0 to 3) and so cannot 

differentiate between moderate and high impact fires. 

 

Waltz et al. (2007) compared NBR derived from 25m Landsat ETM data with values derived 

from apparent reflectance (i.e. normalising Radiance only by exo-atmospheric irradiance) 

MODIS (250m and 500m) data. They note that MODIS and similar moderate spatial 

resolution instruments can provide the temporal frequency needed by fire managers, even 

though the spatial; resolution might not seem ideal.  Their investigation concentrated on 

classifying four levels of burn severity from NBR classes in both datasets (with varying 

atmospheric correction schemes). Ground conditions for these classes are illustrated in Figure 

13 with ETM apparent reflectance for the training areas in Figure 14. Figure 15 shows a time 

series of NBR derived from the MODIS standard reflectance product (i.e. that has been 

relatively fully corrected for atmospheric effects). A large wildfire occurred in the study 

region around day 324. The results in the paper unsurprisingly indicate a degree of 

generalisation when using the coarser resolution MODIS data but show the same overall 

patterns. It is clear from figure 15 that there is significant variation in the values of NBR, both 

pre- and post fire and it is apparent from the discussion of BRDF above that these can likely 

be explained by variations in sun-view-target geometries (BRDF effects). This is a further 

illustration of the importance of such effects: the absolute value of NBR (thence NBR) has no 

real meaning here because of this. The BRDF effects are however of a similar magnitude (c.f. 

equation 2) so that a classification of NBR for any particular geometry can be achieved. It 

would probably be better for interpretation if the study had interpolated the pre-fire reflectance 

data to the same geometry as the post-fire signals, but even treating these effects as noise the 

study achieved a classification into 4 broad categories, the absolute values of NBR in any 

particular scenario considered being unimportant in this sense other than degrading the ability 

to map the low severity class (c.f. the discussions above regarding detection thresholds).  
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Figure 22. Field classification of burn severity in jarrah-marri forest from Waltz et al. 

(2007). (a) Unburnt forest; (b) Burnt understorey (Low Severity); (c) Moderate Severity; 

(d) High Severity (all strata affected). 

 

Figure 23. ETM apparent reflectance for the burn severity classes shown in Figure 22 

(from Waltz et al. (2007).) 
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Figure 24. MODIS Reflectance Product-derived time series of NBR from Waltz et al. 

(2007) for the four severity classes illustrated above. 

In summary, although NBR hasbeen widely used to map burn severity classes (mainly from 

TM/ETM but also as shown above from moderate resolution data) it is rather an unsubtle tool: 

(i) the absolute values have no physical meaning and it needs some local calibration; (ii) 

BRDF effects are mostly ignored (although they can be taken into account for moderate 

resolution data at least as explained above) meaning that low severity may be difficult to map; 

(iii) it does not appear to respond optimally to burn impacts. We thus seek a more refined tool 

to map burn impacts. 

3.3.3 Linear mixture modelling 

Various authors have suggested that a (linear) spectral mixture model may be useful in 

mapping burns, although few have directly used the methods for quantifying fire effects 

within a burned area.  

 

Landmann (2003) performed a linear spectral mixture analysis of ETM+ data for experimental 

fires in Kruger National Park, South Africa. Black and white ash endmembers were derived 

from field measurements to determine the proportion of each component after a fire (the two 

‗base‘ spectra were mixed to form composite ‗black‘ (9% white) and ‗grey‘ (12% white ash). 

Other endmembers used accounted for soil, green and non-photosynthetic vegetation but their 

proportions were not analysed in detail. Landmann notes a significant relationship between the 

pre-fire fuel load and the abundance of grey ash (R
2
 = 0.49, P = 0.001): the higher abundances 

of white ash corresponding to more severe fires arising from higher fuel loads. Landmann also 

notes a significant relationship between grey ash abundance and CC estimated from the 

Landsat data (R
2
 = 0.73, P < 0.002). It is interesting to note that CC was estimated in this 

study (at the Landsat scale) from the relative change in near infrared reflectance. We noted 

above that under some rather specific conditions, NBR might be considered a similar 

measure, so might at times approach this approximation to CC, although as also discussed Roy 

et al. (2006) the reality seems rather different. 

 

Smith et al. (2007) compare NBR and linear unmixing of ETM+ data over a ponderosa pine 

canopy, using a pre-defined endmember spectrum for senesced and green vegetation and char. 

They relate char fraction and NBR to various post 1 year ecological site variables (% live 

trees, amount of litter organic weight) with coefficients of determination around 0.5. There is 
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some suggestion that the linear unmixing method might provide better predictions, but it is  

not known how general such findings would be. The importance of this work is more perhaps 

in emphasising the value of measures such as char fraction to wider post-fire behaviour.   

 

Robichaud et al. (2007) used Mixture Tuned Matched Filtering (MTMF), a partial spectral 

unmixing algorithm, to analyse ash and charred vegetation proportions in hyperspectral (Probe 

I) imagery. In this method, the cost function is effectively weighted to reduce uncertainties in 

a single endmember.  The suggested advantage of the method is that it is unnecessary to 

identify all scene endmembers. Unfortunately, comparisons with ground measures of the 

proportions of materials mapped showed only relatively weak correlations. In addition the 

MTMF scores were not directly related to cover proportions: separate scale multipliers were 

needed for each cover type.  Similar results were in fact obtained by calibrating linear 

relationships with NBR. 

 

In any attempt to define an automated robust, practical, and globally (or at least regionally) 

applicable algorithm, mixture models can be somewhat impractical. The main reason for this 

is that they require the definition of endmember spectra, which tends at best to be a semi-

automated process. It is suggested that simple library spectra of ‗green‘ and ‗senescent‘ 

vegetation, combined with ‗shade‘ and ‗soil‘ will often suffice (Adams et al., 1995; Roberts et 

al., 1993; Theseira et al., 2003) but it is still problematic to arrive at a widely-applicable 

algorithm. This is due, among other factors, to significant variations in the reflectance spectra 

of these components.  

 

Linear mixture modelling may therefore provide some basis for the desired ‗refined‘ tool, in 

that it provides a more directed interpretation of the burn signal. In particular, it may be 

directed more intelligently than burn indices towards the issue of sub-pixel impacts. The main 

problem with its wide application is the definition of generic end members. 

3.3.4 Towards a practical linear mixture model algorithm 

Of significant interest here is the linear mixture model of Roy and Landmann (2005) that 

proposes: 

 

𝜌𝜆,𝑝𝑜𝑠𝑡 =  1 − 𝑓𝑐𝑐 𝜌𝜆,𝑝𝑟𝑒 + 𝑓𝑐𝑐𝜌𝜆,𝑏𝑢𝑟𝑛       (3.9) 

 

where f is the faction of a pixel affected by fire and cc is the combustion completeness. This 

suggests that (from a linear mixture modelling perspective) if the ‗burn signal‘ is assumed 

known for some wavelength, the product f x cc can be estimated. This is subtly but 

importantly different to other mixture models discussed above in that the estimation of the 

‗primary‘ model parameter (f x cc) only requires a single ‗endmember‘ spectrum to be defined 

(technically, that is also true of the MTMF approach above, but the results of that paper were 

not encouraging so we do not at present consider that method further). Roy and Landmann 

propose using a measured black char ,black spectrum as the burn signal in their modelling. 

They do not attempt any inverse modelling (i.e. estimation of f x cc from any observations) 

but rather use the model to investigate its implications for relationships between pre- and post-

burn signals. 
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The assumed ‗knowledge‘ of ,burn is of vital importance in developing any practical 

algorithm. It is unlikely that ,black is the best choice here, since char is not completely 

combusted material. Roy and Landmann do however acknowledge that high temperature fires 

(in particular) (Stronach and McNaughton 1989) may deposit white ash rather than the black 

char they assume, which may introduce a bias to their model as stated. Perhaps more 

importantly however, the impact of biomass burning is not simply a replacement of some 

vegetation signal by char or white ash: a significant effect can also be the exposure of soil. 

Practically then, our modelling of ,burn must be able to account for all of these factors. Even 

if ‗typical‘ endmember spectra were defined for these, the burn signal would require at least 

three parameters to account for the different proportions of these terms. This may be practical 

if sufficient wavebands are available and the correlations between such spectra were low. 

 

 

(a)  (b)  

Figure 25. Spectral characteristics of ash and soils 

(a) Smith et al., 2005; (b) Roy and Landmann (2005) 

 

(a) (b)  

Figure 26. Reflectance Spectra for (a) white ash; (b) black char 
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Figure 27. Relationship between white ash and black char spectra (400-2400 nm) 

 

Figure 26 shows field measurements of black char and white ash from two sources, along with 

some typical soil spectra.  The rather odd ‗dip‘ in the signal of Smith et al., (2005) is clearly 

an artefact due to water absorption. The white ash spectra are very similar in overall spectral 

‗shape‘ and magnitude with the data of Smith et al. being bounded by the two spectra of Roy 

and Landmann (plotted together in Figure 26a). Whilst the data of Smith et al. contain a range 

of low magnitude spectral features, these are not present in the data of Roy and Landmann and 

may either be artefacts or particular to the ash measure by Smith et al. It would appear that a 

reasonable generic spectrum to use for white ash then is the mean of the two datasets 

presented by Roy and Landmann, with the higher and lower bounds clearly defined. The 

definition of a clear black char signal would appear to be more problematic (Figure 26b): 

whilst it would appear that (treating the undulations in the Smith et al. data as noise) it is 

essentially a linear function of wavelength, there is a relatively large discrepancy between the 

three datasets. For the present, we will assume the mean of the two datasets presented by Roy 

and Landmann as being representative of char.Figure 27 shows a plot of white ash reflectance 

as a function of black char reflectance. There is clearly a strong linear relationship between the 

two (correlation coefficient 0.926 with data at 1 nm intervals over the range 400 to 2400 nm). 

This suggests that linear unmixing of these two components is liable to large uncertainties and 

however valuable such information might be, is not really viable for a practical algorithm. 

Over the seven MODIS wavebands, the correlation coefficient is around 0.948, meaning it is 

even less likely to be able to separate these components from MODIS data. 
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(a) (b)  

Figure 28. Soil and litter reflectance at: (a) visible wavelengths; (b) SWIR wavelengths 

 (from Nagler et al., 2000) 

Figure 28shows the reflectance spectra for a range of soils and plant litter (see Nagler et al. 

(2000) for more details). At visible wavelengths, a typical soil spectrum shows a near linear 

increase in reflectance with wavelength (the same being true for plant litter) (see Figure 28a). 

In the SWIR, the main factor affecting soil spectra is their water status (Figure 28b), with dry 

soils showing a slight downward trend, and wetter soils a stronger decrease with wavelength, 

this being exaggerated deep in the water absorption features. There are subtle spectral features 

in dry litter in the SWIR due to cellulose, lignin and protein absorption but these tend to be 

rather low magnitude. 

 

We can restate equation 3.9more generally as: 

 

𝜌− − 𝜌+ = 𝑓𝑐𝑐(𝜌𝑎 − 𝜌𝑏)        (3.10) 

 

where 𝜌− and 𝜌+ are the pre- and post-fire spectral directional reflectance, 𝑓𝑐𝑐  is the product 

of the fractional area affected by fire (𝑓) and the degree to which affected materials are 

converted to the burn signal (𝑐𝑐, representing a form of radiometric combustion 

completeness), 𝜌𝑎 is the (pre-fire) reflectance of the materials affected by fire, and 𝜌𝑏 is the 

‗burn signal‘, the reflectance that affected areas become after the fire. If we had measures of 

𝜌−, 𝜌+ and 𝜌𝑎 then in three or more wavebands and some parameterized model of 𝜌𝑏, we 

could estimate 𝑓𝑐𝑐 and the associated burn signal parameters from equation 1. This is a 

powerful concept because: (i) it is generic because unlike other mixture model approaches, it 

requires no direct estimate of the spectrum of the different materials in the pre-fire signal; (ii) 

rather than attempting to map some index with no physical meaning (such as a burn index), we 

have a model parameter 𝑓𝑐𝑐 with a clear physical definition. Equation 10 is of itself quite 

informative: it suggests that, under the assumption that 𝜌𝑎 = 𝜌−, , a measure related to 𝑓𝑐𝑐  

may be simply estimated from the relative change in reflectance with an offset for the ‗burn 

signal‘, i.e: 
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𝑓𝑐𝑐 =
𝜌− − 𝜌+

𝜌− − 𝜌𝑏
 

                     (3.11) 

 

For fcc = 1, 𝜌
𝑎

= 𝜌
+

, i.e. for a high impact fire, the post fire reflectance is the burn signal. 

Since the lower bound for 𝜌
𝑏
 is 0, the lower bound for fcc is the relative change in reflectance. 

Thus, for any wavelength  for which 𝜌
+

≤ 𝜌
−

 we can estimate to 𝑓𝑐𝑐𝜆   from the relative 

change in reflectance.  

 

Under the further assumption that the burn signal in band 2 is a constant offset from that in 

band 1, i.e. , we can see that: 

 

𝑓𝑐𝑐 =
 𝜌2−−𝜌1−  𝜌2+−𝜌1+ 

𝜌2−−𝜌1−−𝑘0
        (3.12) 

 

where  ( ) represents post-fire (pre-fire) reflectance for band i,  is the constant offset 

and  is the burn signal in band i. It is worth noting that NBR written in this manner is: 

 

Δ𝑁𝐵𝑅 =
𝜌2−−𝜌1−

𝜌2−−𝜌1−
=

𝜌2+−𝜌1+

𝜌2+−𝜌1+
                           (3.13) 

 

so the numerators are equivalent in equations 4.12 and 4.13, but the denominators are rather 

different and there is no direct relationship between fcc and NBR under the model of 

equation 1.1 (c.f. Roy et al., 2006) (except under some limited conditions discussed above). 

Whilst equation 4.13 is of interest then as a potential two-band estimate of the impact of fire 

on vegetation and a potential alternative to NBR, it is potentially limited by needing to 

define  and it does not make full use of available spectral information.  

 

In the next section, we seek to define a generic form for , considering the wider impacts of 

fire on vegetation spectra. We then show how this can be used with equation 10 to provide 

robust estimates of fcc and then, in a modelling study, consider the implications for practical 

estimation of this parameter in the presence of complicating factors such as non-linear 

interactions, multi-layer canopies, and variations with viewing and illumination geometries.  

3.4 Defining a generic burn signal 

3.4.1 Defining spectral basis functions 

An important step towards understanding how best to use satellite optical Earth Observation 

data to monitor the impact of wildfires on reflectance data is to develop spectral models 

relating pre- and post-fire spectra. We assume the impacts of fire to be: (i) removal of existing 

biomass; (ii) conversion to char, ash or scorched materials; (ii) the exposure of underlying 

materials such as soil, with (ii) and (iii) resulting from (i). To develop a generic spectral model 

we consider measured data of dry soils and char and ash spectra. These are:  

 

(i) Soils (38 samples): 
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a. ‗ASTER‘ – 38 dry soil spectra representing all major soil types, from the John 

Hopkins University Soil Library, available as part of the ASTER spectral library 

(WWW1) (those covering the range 400 nm to 2500 nm, ignoring one file 

containing negative reflectances);  

(ii) Char/Ash (30 samples): 

a. ‗JFSP‘ – 20 spectra (350 nm – 2500 nm) of char, ash and charred materials from 

the library of US fire spectra developed by the Joint Fire Science Program (JFSP) 

Project (WWW2), the spectra coming from wildfires in Interior Alaska, Southern 

California and Western Montana;  

b. ‗ROY‘ – 4 spectra of ash and char from grass fires in South Africa from Roy and 

Landmann (2005);  

c. SMITH‘ –5 field spectra (300 nm – 2500 nm) of char, ash and various field 

mixtures after grassland and woodland fires from Smith et al. (2005) from 

woodland savanna fire in Botswana.  

(iii) Green vegetation: 

a. 94 spectra from the JFSP database with the same characteristics as above 

(iv) Non-photosynthetic vegetation: 

a. 30 spectra from the JFSP database with the same characteristics as above 

 

To avoid noise issues and inconsistencies with some of the datasets, we consider only data in 

the region 400-2400 nm and remove data in the intervals 1340-1440 nm and 1780-1880 nm. 

 

The most obvious way to develop such a generic model is to calculate eigenvectors (spectral 

basis functions) from the datasets we wish to model (c.f. Price 1990). This is achieved by 

subtracting the mean from each of the target (soil and char/ash) datasets so that the resulting 

basis functions are a constant and the first N-1 eigenvectors. All basis functions are weighted 

so that the dot product with themselves is unity. Since the main target is char/ash, we weight 

these samples by 3 relative to the soil samples. Thus we expect the resultant basis functions to 

be capable of describing char and ash spectra well and soil samples reasonably well. It would 

be advantageous if the basis functions were not capable of describing non-target spectra (green 

and non-photosynthetic vegetation) particularly well. We define three sets of basis functions 

for different spectral sampling regimes: (i) hyperspectral (400-2400 nm ignoring the intervals 

noted above); (ii) MODIS spectral sampling; (iii) MERIS spectral sampling (ignoring the O2 

band). Since the model is to be used to solve for fcc via equation 4.10, we must keep the 

number of basis functions to a minimum. This will also aid in the model being less capable of 

describing non-target spectra. Figure 29 (a-c) shows the resultant spectral basis functions 

(constant and first 3 eigenvectors for the hyperspectral case and constant and first two for 

MODIS and MERIS sampling) for the 3 configurations respectively. 
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Figure 29a. Hyperspectral basis functions for soil and char/ash 

 
Figure 29b. MODIS basis functions for soil and char/ash 
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Figure 29c. MERIS basis functions for soil and char/ash 
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Eigenvector 1 2 3 4 5 6 7 8 9 10 

Hypespectral 57.8 77.1 82.7 86.4 88.1 89.5 90.7 91.7 92.5 93.1 

MODIS 71.1 88.4 94.8 97.7 99.0 100 100 - - - 

MERIS 79.7 92.1 95.2 96.4 97.2 97.7 98.2 98.7 99.1 99.4 

Table 2. Cumulative percentage variance explained by the first 10 eigenvectors for the 

three spectral scenarios 

 

Parameter a0 a1 max (nm) RMSE 

f1 Hypespectral -0.09775  5.913 x 10
-5

 2000 0.00147 

f2 Hyperspectral   0.08232 -8.141 x 10
-5

 1282 0.00814 

f1 MODIS -1.262 0.0009122 1927 0.02586 

f1 MERIS -1.993 0.0022580 1048 0.01714 

Table 3. Parameters for quadratic function approximation for spectral basis functions 

 

The cumulative percentage variance explained by the first 10 eigenvectors (7 for MODIS as 

there are only 7 wavebands) is given in table 2. We select a cut-off at around 77% variance 

explained as the cumulative variance explains flattens off rapidly after that point for all 

analyses and also because examination of figure 1a shows that eigenvectors beyond that point 

are rather noisy. This results in a selection of 3 basis functions for hyperspectral sampling (f0, 

f1 and f2 in figure 29a) and 2 for MODIS and MERIS sampling (labelled f0 and f1 in figures 

29b and 29c). The general form of f1 is similar for all sampling regions and can be accurately 

described by a quadratic function of wavelength : 
 

𝑓
1
 𝜆 = 𝑎0 + 𝑎1  2𝜆 −

𝜆2

𝜆𝑚𝑎𝑥
       (3.14) 

 

with free parameters a1 and max, the latter being the wavelength at which the function is 

maximum. Parameter a0 is found from an orthogonality constraint over the N wavelengths 

considered: 

 

𝑎0 = −𝑎1   2𝜆𝑖 −
𝜆𝑖

2

𝜆𝑚𝑎𝑥
 

𝑁𝜆
𝑖=1         (3.15) 

 

The second eigenvector for the hyperspectral case is not so readily approximated by a low 

order polynomial as it has higher frequency components. Table 3 gives the parameters and 

square root of the mean squared residual (RMSE). Note that the approximation for f1 is not 

guaranteed orthogonal to that of f2. 
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Figure 30a. Stacked histogram of RMSE from fitting the 3 basis functions to spectral 

data: Hyperspectral sampling 

 

Figure 30b. Stacked histogram of RMSE from fitting the 2 basis functions to spectral 

data: MODIS sampling 
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Figure 30c. Stacked histogram of RMSE from fitting the 2 basis functions to spectral 

data: MERIS sampling 

 

RMSE stats Mean  Std. Dev. Min. Max. 

Char/Ash 0.0063 0.0034 0.0010 0.0148 

Soil 0.0127 0.0063  0.0045  0.0292 

Green Veg. 0.0878  0.0243  0.0306  0.1593 

Brown Veg. 0.0325  0.0146  0.0077  0.0644 

Table 4a. Summary statistics for RMSE associated with figure 30a (Hyperspectral). 

RMSE stats Mean  Std. Dev. Min. Max. 

Char/Ash 0.0194 0.0111 0.0023 0.0421 

Soil 0.0261 0.0119 0.0115 0.0641 

Green Veg. 0.1445 0.0370 0.0628 0.2496 

Brown Veg. 0.0644 0.0378 0.0110 0.1585 

Table 4b. Summary statistics for RMSE associated with figure 30b (MODIS). 

RMSE stats Mean  Std. Dev. Min. Max. 

Char/Ash 0.0034 0.0026 0.0004 0.0112 

Soil 0.0135 0.0078 0.0023 0.0353 

Green Veg. 0.0997 0.0327 0.0253 0.1817 

Brown Veg. 0.0219 0.0146 0.0032 0.0581 

Table 4c. Summary statistics for RMSE associated with figure 30c (MERIS). 
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Figure 31a. Modelled char/ash spectra: Hyperspectral 

 

Figure 31b. Modelled char/ash spectra: MODIS 
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Figure 31c. Modelled char/ash spectra: MERIS 

 

Figure 32a. Modelled soil spectra: Hyperspectral 
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Figure 32b. Modelled soil spectra: MODIS 

 

Figure 32c. Modelled soil spectra: MERIS 
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Figure 33a. Modelled non-photosynthetic vegetation spectra: Hyperspectral 

 

Figure 33b. Modelled non-photosynthetic vegetation spectra: MODIS 
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Figure 33c. Modelled non-photosynthetic vegetation spectra: MERIS 

 

Figure 34a. Modelled photosynthetic vegetation spectra: Hyperspectral 
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Figure 34b. Modelled photosynthetic vegetation spectra: MODIS 

 

Figure 34c. Modelled photosynthetic vegetation spectra: MERIS 
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3.4.2 Fitting the basis functions to target and non-target spectra 

Figure 30 shows RMSE relative frequency stacked histograms (with summary statistics in 

table 4) for fitting the defined basis functions to the datasets described above. In all cases, the 

ability of the model to describe the char/ash spectra is best (lowest RMSE), with slight worse 

fits for soil spectra. This is hardly surprising given the way the basis functions were defined. 

Attempting to use these basis functions to describe non-photosynthetic (‗brown‘) vegetation 

results in mostly slightly worse fits than for soil. The separability on this criterion is better for 

hyperspectral and MODIS sampling than it is for MERIS sampling because the non-

photosynthetic vegetation spectra are often rather similar to soils at MERIS wavelengths. In 

nearly all cases, the model fits poorly to green vegetation, which is a positive result for the 

model. 

 

Some examples of model fitting are shown in figures 31 (ash/char), 32 (soil), 33(non 

photosynthetic vegetation) and 34 (photosynthetic vegetation). As noted, the ability of the 

models to fit to ash/char spectra is very good: the worst fitting dataset (labelled ‗JFSP 

graysoil‘) is a charred soil sample from Southern California and is more akin to the rest of the 

soil samples than the rest of the ash/char samples used. Even so, the ability of the models to 

describe the spectrum is remarkably good. Another slightly poor fit is ‗JFSP charbark‘ which 

is typical of the charred bark spectra in the database. It can be seen in figure 31a that the 

spectrum (as is typical of bark) is slightly concave so whilst the 3-parameter hyperspectral 

model is able to describe this well, the 2-parameter model used for MODIS and MERIS has 

only a convex form (figures 31b and 31c). The model very well describes a good many of the 

soil spectra. Some typicalexamples are shown in figures 32a-c. The hyperspectral model with 

3 parameters manages to describe some subtle features at visible wavelengths (such as that 

around 650 nm on the ‗very dark grayish brown loam‘ sample, but the 2 parameter model for 

MODIS and MERIS smoothes over this. Even the 3-parameter model struggles to describe the 

detailed features of samples such as ‗light yellowish brown clay‘, but it does capture its 

overall form.  It is samples such as these that the two-parameter model does not describe 

particularly well. 

 

As noted, many of the ‗brown‘ (non photosynthetic vegetation) samples are only poorly 

described by the 3-parameter hyperspectral model (as desired). Typical of this is the ‗dead 

cottonwood‘ spectrum. However, some samples, in particular ‗dead feather moss‘ have a very 

simple quadratic function of wavelength with few spectral features beyond that and 

unsurprisingly have a low RMSE, even for the 2 parameter model. Green vegetation is mostly 

rather poorly described by the basis functions here for the hyperspectral and MODIS cases. 

The ‗best‘ fitting datasets are those with mostly senesced vegetation or perhaps high 

proportions of soil contamination, such as the Lupinus and Mountain Maple samples. For the 

limited spectral sampling of MERIS, strong red edge features lead to poor fitting of the model, 

but those more difficult cases noted above have relatively low RMSE values. 
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3.4.3 Model parameter characteristics 

Figure 35 shows scatterplots of model parameters for the various classes of spectra. Only 

those samples with RMSE below a given threshold (0.02, 0.05 and 0.03 for hyperspectral, 

MODIS and MERIS respectively) are presented. This filters out all green vegetation samples 

for the hyperspectral and MODIS datasets and all but 4 ‗brown‘ samples for the hyperspectral 

case. For the hyperspectral model parameter-space there are clear clusters representing the soil 

and char datasets. This is most simply illustrated in the parameter associated with f2 (see 

figure 35b): char and ash samples have a positive value of this parameter whereas soils have a 

negative value. This essentially reflects the lower location of the maximum wavelength for 

soils compared to char and ash spectra. A similar distinction would likely be found if f2 (figure 

20) were used in MODIS wavelength modelling, but as this would give an fcc model (equation 

10) with 4 parameters and only 7 wavebands, this should probably be avoided. There is some 

distinction between ash/char and soil and non-photosynthetic vegetation samples seen in f0:f1 

feature space for hyperspectral and MODIS sampling. This is somewhat replicated with 

MERIS sampling, but in this case there is very little distinction between non-photosynthetic 

vegetation and soil parameters. 

 

 

Figure 35a. fo:f1 parameter scatterplot: Hyperspectral 
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Figure 35b. fo:f2 parameter scatterplot: Hyperspectral 

 

Figure 35c. fo:f1 parameter scatterplot: MODIS 
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Figure 35d. fo:f1 parameter scatterplot: MERIS 

 

3.5 Application of the burn signal 

From the above discussion, we can conclude that for MODIS and MERIS spectral sampling a 

generic ‗burn‘ signal that can be readily approximated by a constrained (two parameter) 

quadratic function of wavelength (equations 3.14 and 3.15) will suffice to accurately represent 

a wide variety of products of wildfire. Interestingly, the first two basis functions are 

essentially the same for the hyperspectral case and MODIS sampling. This is of interest 

because if the same basis set could be used for all sensors, the parameters of these terms 

would maintain the same meaning between different instruments. If we change the form of the 

basis functions for different sensors we lose this potential (compare Figure 35b and c). For an 

instrument with wider spectral sampling (‗hyperspectral‘) it may be appropriate to use three 

basis functions, but this may not be necessary in this application (see below).  

 

When applied to ‗pure‘ spectra, the model parameters have some consistent behaviour in 

feature space (figure 35), although the separation of different classes is much clearer for 

MODIS sampling than for MERIS sampling. If many more wavebands are used, more spectral 

basis functions might be considered, although for the general hyperspectral case, three would 

seem to suffice. In this case, the value of the third basis function would seem to be useful in 

distinguishing char from other products of burning (e.g. exposed soil).  

 

Below, we investigate the application of the constrained quadratic function as a generic 

descriptor of burn products within the general linear mixture model proposed in this algorithm 

to some remote sensing data (hyperspectral and sub-sampled to MODIS wavelengths). In 

these examples, the maximum wavelength of the quadratic is constrained to be 2000 nm, i.e. 
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we use the first two basis functions defined above for hyperspectral sensing, which is very 

close to that defined for MODIS and should be equally applicable to that sensor. Thus, we can 

directly compare the values of fcc derived with both ‗full‘ and ‗reduced‘ (MODIS) spectral 

sampling.  

 (a) (b)  

(c) (d)  

Figure 36. AVIRIS spectra for pre- and (1 year) post fire for fires of varying degrees of 

burn severity from Van Wagtendonk et al. (2004). (a) High; (b) Moderate; (c) Low; (d) 

Unburned, shown model fitted and interpreted burn signal 

Fire Severity f x cc x a0 f x cc x a1 f x cc xBurn 

signal 

brightness 

f x cc RMSE 

High 0.003 0.209 0.170 1.000 0.012 

Moderate 0.032 0.200 0.192 0.820 0.021 

Low 0.009 0.041 0.042 0.019 0.013 

None 0.000 0.000 0.000 0.000 0.004 

Table 5. Parameters associated with model fits in Figure 36. 
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Figure 36 shows the pre- and post-burn spectra of Van Wagtendonk et al. (2004) (see also 

Figures 16 and 17) with the quadratic model embedded in Equation 3.10 fit to the data. The 

plots also show the interpreted burn signal. Parameters associated with the model fit are given 

in Table 5. The parameter a0 (the reflectance at the base wavelength) is generally very low, 

but slightly higher for the moderate burn case. We might be tempted to explain that increase as 

the burn signal containing some ash component, but it could be due to a variety of other 

reasons (e.g. exposed or re-grown bright wood) or simply a lower proportion of black char 

being present in the soil. Van Wagtendonk et al. (2004) suggest that a greater proportion of 

dead needles and branches are exposed in this case. 

(a) (b)  

(c) (d)  

Figure 37. AVIRIS spectra for pre- and (1 year) post fire for fires of varying degrees of 

burn severity from Van Wagtendonk et al. (2004). 

(a) High; (b) Moderate; (c) Low; (d) Unburned, shown model fitted and interpreted burn 

signal using 7 MODIS bands (table 1) 
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Fire Severity f x cc x a0 f x cc x a1 f x cc x Burn 

signal 

brightness 

f x cc RMSE 

High 0.006 0.203 0.169 1.000 0.012 

Moderate 0.030 0.218 0.204 0.857 0.005 

Low 0.009 0.042 0.043 0.013 0.013 

None 0.001 0.000 0.001 0.001 0.003 

Table 6. Parameters associated with model fits in Figure 37 for 7 MODIS wavebands. 

 

Fire Severity f x cc x a0 f x cc x a1 f x cc x Burn 

signal 

brightness 

f x cc RMSE 

High 0.000 0.227 0.181 1.000 0.002 

Moderate 0.025 0.215 0.197 0.836 0.001 

Low 0.010 0.039 0.041 0.013 0.001 

None 0.000 0.000 0.000 0.000 0.003 

Table 7. Parameters associated with model fits for 4 MODIS wavebands. 

 

We next examine the stability of the model with even fewer wavebands. Table 6 show model 

inversion results corresponding to those in Figure 37 using only 7 MODIS wavebands. Results 

for the 4 bands used by Rebelo (2005) (bands 1, 2, 5 and 7) are given in Table 7. There is only 

a very small difference in the model parameters for all cases, suggesting that the method is 

robust even with a small number of wavebands (although it is likely to be more sensitive to 

noise). This suggests that (noting the possible increased sensitivity to noise) the method might 

even be appropriate (with these two basis functions) for sensors with a rather limited number 

of spectral channels such as SPOT VEGETATION (although the use of the SPOT blue 

channel in place of the extra SWIR channel considered above might also compromise 

performance). 

 

Figure 38 shows an example of the application of equation 10 to a transect during the 

Southern African dry season in 2003 (MODIS collection 4 data for column 87 row 2000 to 

2100 for tile H20V10), with 1 standard deviation uncertainties plotted. Figure 38c shows the 

day of fire estimated from the algorithm of Rebelo (2005). Even though each pixel is 

processed independently, all parameters show the expected degree of spatial consistency, 

which is promising for the method. 
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The data used to drive the inversion are nadir viewing, nadir illumination reflectance (the 

isotropic parameter) in MODIS bands 1, 2, 5 and 7. We have not validated these particular 

results here, but the evidence from above is that the use of the 4 MODIS wavebands should 

produce a stable result. Further, the values of f x cc are typical of those expected (around 0.9 at 

peak), and they show a tail-off within each individual fire. 

 

(a) (b)  

(c) (d)  

Figure 38. (a) f x cc; (b) a0; (c) burn signal brightness; (d) the day of fire detected for a 

particular pixel 

 

There are of course limitations to the linear mixture modelling approach.  

 

 First, the method assumes the existence of a generic ‗burn‘ spectrum (with two or 

perhaps three (for hyperspectral) parameters). Whilst this seems very reasonable from 

the above analysis, it still needs further testing;  

 Although we can deal with BRDF effects as described above, and information might 

be extracted from for example (extrapolated) nadir reflectance (with nadir 

illumination) (the isotropic parameter) this at best will give apparent values for these 

terms (particularly f x cc) as for some cover types not all burn affected areas may be 

visible from the top of the canopy (e.g. trunks of burned trees) (Fuller et al. 1997; 

Thompson 1993) (see below for further discussion of this issue). On the other hand 
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side, the variation in f x cc with viewing and illumination angle might of itself prove an 

interesting signal (this is explored further below); 

 The model assumes linear mixing of the ‗burn‘ signal and the pre-burn signal to 

produce the post-burn signal. This will be examined further in the validation efforts. 

 

The proposed model seems to hold much promise for the extraction of terms of value to fire 

monitoring from BRDF-corrected reflectance data (or from data where observation and 

illumination geometries might be assumed constant and so BRDF effects are not an issue). 

The estimation of three parameters (per pixel) requires observations in at least three 

wavebands, so the method should be applicable to a wide range of sensors, although this might 

feasibly be reduced to two if either: (i) only the first ‗basis function‘ (an offset) were used to 

represent the burn signal (not a particularly good assumption); or (ii) some further constraint 

were applied between the parameters (e.g. from the observed parameter behaviour in figure 

35). 

 

3.6 Further consideration of the linear mixture model 

3.6.1 Introduction 

In this section, we consider the properties of the proposed linear mixture model in more detail 

and derive explicative models (further explored below) for a range of likely 

scenarios/assumptions. These cover: (3.6.2) The case where the entire pixel assumed to be 

composed of the same vegetation properties and the entire pixel is affected by fire; (3.6.3) 

where the entire pixel assumed to be composed of the same vegetation properties but only a 

fraction of pixel is affected by fire; (3.6.4) where the canopy is composed of two ‗types‘ (e.g. 

vertical layers) only one of which is affected by fire; (3.6.5) where the canopy is composed of 

two ‗types‘ and both of which are affected by fire. 

3.6.2 Case 1: single material, all affected 

The simplest form of linear mixture model would apply to the conversion of some proportion 

(that we term combustion completeness in a radiometric sense, cc) of a single scene material 

type of reflectance  to , i.e.: 

 

          (3.16) 

         (3.17) 

 

where , are the pre- and post-fire reflectances respectively. 
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Figure 39. Scenario for case 1: single material, all affected 

 

In this case: 

 

        (3.18) 

 

If we model the burn signal as some spectral function, then we can calculate cc from this ratio. 

This scenario applies to fire effects in any single layer canopy where there is a simple 

proportionate change in reflectance so the combustion completeness is the ratio of the change 

in reflectance to the contrast (difference) between the reflectance of the affected area  and 

the burn signal. 

3.6.3 Case 2: single material, partial area affected 

For the next simplest form of linear mixture model, only a proportion, f, of the pixel is 

affected. For this proportion, a fraction cc undergoes change from  to , i.e.: 

 

          (3.19) 

       (3.20) 

 

In this case: 

 

        (3.21) 

 

so the product of fractional cover affected and combustion completeness is the ratio of the 

change in reflectance to the contrast (difference) between the reflectance of the affected area 

 and the burn signal.This is the case considered by Roy and Landmann (2005). 
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Figure 40. Scenario for case 2: single material, partially affected 

 

This scenario applies to cases where only a proportion of a pixel is affected by fire (e.g. at the 

edge of a large burn, or for other sub-pixel burns).  

3.6.4 Case 3: two materials, one affected 

A more realistic form of linear mixture model can be stated as one containing two materials of 

reflectance ,  and pre-fire proportion ,  for 'affected' and 'unaffected' areas 

respectively. 

 

 

         (3.22) 

       (3.23) 

 

In this case: 

 

        (3.24) 

 

as in case 2. 

 

Impacts of variations percentage tree cover, fractional area affected (where the unaffected area 

may have different reflectance properties to the area affected) and a range of other general 

cases can be described as a simple variant of this, which makes the linear mixture model quite 

general.  

 

The principal difference between the model for this scenario and those in cases 1 and 2 is that 

the difference between pre- and post fire reflectance is now a function of the contrast between 
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the (pre-fire) reflectance of the affected area  and the burn signal, rather than the contrast 

between pre-fire reflectance and burn. In considering inversion of cc or fcc from the previous 

cases, we needed only a spectral model of the burn signal. In this case, we technically require 

a spectral model for . 

 

Such a model could be developed (as in the various attempts at mapping burned area from 

linear mixture modelling pre- and post-fire described in section 2) but it relies on identifying a 

spectral basis function for the affected area, which complicates the design of a simple and 

general algorithm. It is of value therefore to consider the impact of assuming  in place of  

in equation 4.24. First, assume: 

 

 

Figure 41. Scenario for case 3: two materials, one affected 

 

𝜌𝑎 = 𝑏0𝜌𝑎 + 𝑏1𝜌𝑏                  (3.25) 

 

so 

 

𝜌− = 𝑓𝜌𝑎 +  1 − 𝑓  𝑏0𝜌𝑎 + 𝑏1𝜌𝑏  

=  𝑓 + 𝑏0 1 − 𝑓  𝜌𝑎 + 𝑏1 1 − 𝑓 𝜌𝑏  

𝜌𝑎 =
1

𝑓 + 𝑏0 1 − 𝑓 
𝜌− =

𝑏1 1 − 𝑓 

𝑓 + 𝑏0 1 − 𝑓 
𝜌𝑏 

                          (3.26) 

 

and therefore: 

 

𝜌− − 𝜌+ =
𝑓𝑐𝑐

𝑓 + 𝑏0 1 − 𝑓 
 𝜌− −   𝑏1 − 𝑏1  1 − 𝑓 + 𝑓 𝜌𝑏  
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or more simply: 

 

𝜌
−
− 𝜌

+
= 𝑓𝑐𝑐 𝜌

−
− 𝜌

𝑏
′         (3.27a) 

 

𝑓𝑐𝑐′ =
𝑓𝑐𝑐

𝑓+𝑏0(1−𝑓)
                                                                                                  (3.27b) 

 

𝜌
𝑏
′ = 𝜌

𝑏
  𝑏0 + 𝑏1  1 − 𝑓 + 𝑓                  (3.27c) 

 

 

Figure 42. Enhancement factor to cc from equation 4.27b as a function of f 

 

Figure 42 shows  𝑓/(𝑓 +  1 − 𝑓 𝑏0) as a function of f for various values of b0. We can 

consider this term an enhancement factor for cc, as equation 4.27b shows. If b0 is less than 1, 

the derived fcc will be higher than the true value by a factor of up to 0.35 for b0=0.5. If b0 is 

greater than 1, the effective fcc is reduced, by as much as 0.84 for b0=1.5. The most striking 

feature of the plot is that the error introduced by this contrast term is small for low or high 

values of f and has most influence for moderate values of f (around 0.5). 

 

From the above we can suggest that inferring fcc using  in place of  leads to a different 

interpretation of the burn signal as an equivalent burn signal (this is, for example no longer 

guaranteed to be positive, as b0 + b1 could conceivably be negative) and an error in the 

interpreted fcc that is controlled by the contrast between the reflectance of affected and 

unaffected areas (b0) and the fractional area affected. We expect this error to be a bias that is 

positive for b0 less than 1.0 and negative for b0 greater than 1.0. Assuming the range of b0 

considered above to span the typical range of values (0.5 to 1.5) the maximum error to be 

expected should be less than 0.2 in magnitude for f of around 0.5. 
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In conclusion, assuming equation 3.27 as a reasonable interpretation of the reflectance of the 

unaffected area, the model should still operate, but will produce an equivalent value of fcc that 

depends on the contrast between affected and unaffected areas and the proportion of area 

affected. If we simply assume b0 = 1, then the algorithm should return the value of fcc viewed 

from any particular viewing and illumination geometry. For geometries where the proportion 

of (dark) shadows in the unaffected area increases, the equivalent fcc should tend towards cc. 

3.6.5 Case 4: two materials, both affected 

A further realistic form of linear mixture model can be developed where we consider case 3 

with the addition of a loss of proportionate canopy cover (PCC) i.e. 

 

         (3.28) 

 

𝜌− =  1 − 𝑓  1 −𝑃𝐶𝐶 𝜌𝑎 +   1 − 𝑓 𝑃𝐶𝐶 + 𝑓 (𝑐𝑐𝜌𝑏 +  1 − 𝑐𝑐 𝜌𝑎  (3.29) 

 

In this case: 

 

𝜌− − 𝜌+ =  𝑓 +  1 − 𝑓 𝑃𝐶𝐶 𝑐𝑐 𝜌𝑎 − 𝜌𝑏 +  1 − 𝑓 𝑃𝐶𝐶 𝜌𝑎 − 𝜌𝑏     (3.30) 

 

The change in reflectance now consists of two terms: a term which is a function of the contrast 

between affected and unaffected areas,  1 − 𝑓 𝑃𝐶𝐶 𝜌𝑎 − 𝜌𝑏 , and a new equivalent fcc, 
𝑓𝑐𝑐′′ =  𝑓 +  1 − 𝑓 𝑃𝐶𝐶 𝑐𝑐. This latter term can be interpreted as the product of cc and the 

total fractional area affected (i.e. that of the understorey and overstorey combined. We can 

again assume:  

 

𝜌𝑎 = 𝑏0𝜌𝑎 + 𝑏1𝜌𝑏          (3.31) 

 

so 

𝜌𝑎 =
1

𝑓+𝑏0(1−𝑓)
𝜌− −

𝑏1(1−𝑓)

𝑓+𝑏0(1−𝑓)
𝜌𝑏                                                                               (3.32) 

 

𝜌𝑎 =
𝑏0

𝑓+𝑏0(1−𝑓)
𝜌− −

𝑏1𝑓

𝑓+𝑏0(1−𝑓)
𝜌𝑏                                                                         (3.33) 

 

and: 
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Figure 43. Scenario for case 4: two materials, both affected 

 

 

𝜌− − 𝜌+ =
𝑓𝑐𝑐 + 1−𝑓 𝑃𝐶𝐶(𝑐𝑐+𝑏0−1)

𝑓+𝑏0 1−𝑓 
(𝜌− − 𝜌𝑏

∗)      (3.34)

 
 
or more simply: 

 

𝜌− − 𝜌+ = 𝑓𝑐𝑐′′ 𝜌− − 𝜌𝑏
∗         (3.35a) 

 

𝑓𝑐𝑐′′ =
 𝑓+ 1−𝑓 𝑃𝐶𝐶 𝑐𝑐+ 1−𝑓 𝑃𝐶𝐶(𝑏0−1)

𝑓+𝑏0 1−𝑓 
                    (3.35b) 

 

The formula for  can be simply calculated but is not directly relevant beyond noting it to be 

an equivalent burn signal. This new effecting fcc, fcc is clearly more complex than that given 

in equation 4.35b. However, we can note that if b0 is approximately unity, fcc’’=fcc’ i.e. the 

total viewed area affected by fire.  

 

Figure 44 shows the enhancement factor in equation 4.35b as a function of f, for cc=1 and 

PCC = 0.5. The results and error expected are very similar to those interpreted in case 3. 

Again, we can suggest that inferring fcc using  in place of  leads to a different 

interpretation of the burn signal as an equivalent burn signal and an error in the interpreted fcc 

that is controlled by the contrast between the reflectance of affected and unaffected areas (b0), 

the fractional area affected (f), and PCC.  

 

 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

105 

 

Figure 44. Enhancement factor to cc from equation 35b as a function of f 

3.7 Summary 

In this chapter, we have developed the theoretical basis for an algorithm capable of describing 

the impact of fire on vegetation. In one sense, this can be seen simply as a refinement to 

moderate resolution reporting of area affected by fire, in that it is sensitive to the fractional 

area impacted, but as developed, it should also be sensitive to a radiometric concept of 

combustion completeness (CC). This term is of necessity a radiometric concept, in that we are 

deriving it from radiometric measurements, rather than the mass-based definition of this term 

normally used. In any case we might reasonable expect a positive correlation between the two 

and any uncertainty in this relationship would likely be masked by uncertainties in other terms 

in equation 1 (e.g. pre-fire fuel load). With these caveats then, we have defined an approach 

for estimating a term from optical remote sensing that should be of great value in terrestrial 

(and atmospheric) Carbon science (thence climate science), as well as having potential impact 

on fire management/ecology through its interpretation as a measure of fire severity. 

 

In this section (and thereview in section 3) we have criticised the current most common 

approach to getting at this sort of information from remote sensing data, NBR. This is 

because: (i) this term has no direct physical interpretation; (ii) its use generally ignores BRDF 

effects (though this can be relatively easily dealt with); (iii) it makes use of only limited 

spectral channels; (iv) it will vary as a function of the particular sensor wavebands used; (v) it 

appears not in any case to be far from optimal in its response to fire impact, at least for some 

cases.  

 

The method developed here is much more refined in its definition in that we attempt to 

directly apply physical considerations (albeit limited to assumptions of linear mixing, although 

if the factional area affected is the predominant effect this is most likely the most appropriate 

form of model). The key to the approach is the definition of a ‗generic‘ model that we can use 

to describe spectral ‗burn signals‘, this being interpreted here as the modification of pre-fire 

canopy material spectra to some mixture of char, ash and exposed soils. The model appears to 

operate well in explaining the spectral impact of fire on canopies in both limited spectral 
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sampling cases (MODIS being most thoroughly tested here) and fuller hyperspectral sampling. 

It would appear that a constrained quadratic function of wavelength (two parameters, 

constrained to have the function maximum around 2000 nm) would suffice for a wide variety 

of cases. This has been tested on spectral databases of char, ash, other burned material and 

soils, as well as non-target spectra (green and non-photosynthetic) vegetation. For 

hyperspectral applications, a third function might be afforded that would allow better spectral 

description, but this may not be necessary for this application. For ‗pure‘ spectra, the two 

‗burn signal‘ parameters seem to have well-defined behaviour in feature space, potentially 

allowing some further interpretation of the burn signal or perhaps further constraints if only 

limited spectral sampling is available. 

 

The linear mixture model described here has significant advantages as an algorithm: in 

essence it is simple and general, and therefore easy to implement. It can be run with a wide 

variety of satellite data, only requiring that the data have been ‗atmospherically-corrected‘ to 

top of canopy reflectance (because of the assumed spectral form of the ‗burn‘ signal) and that 

the viewing and illumination geometries of the pre- and post-burn measurements are the same. 

It has been shown to produce very similar results whether hyperspectral data are used or 

simply four (well-located) wavebands. It does not (in the form stated) require any spectral 

unmixing of the pre-fire signal, relying only on the ‗change‘ signal. For wide field of view 

instruments, the latter geometries may vary significantly from one same to the next, so BRDF 

modelling should be performed to normalise for such effects. The other main requirement of 

the approach is that the day on which the fire has been determined (or rather less strictly, that a 

pre- and post-fire signal can be determined since the method was shown to work for forest 

data one year apart). 

 

The real strengths of the approach are: 

 

1. its simplicity (hence potential operationalisation); 

2. the elegance of operating on a spectral change signal (which means that one does not 

need to solve for all terms contributing to the signal, simply those that have changed); 

3. the use of a generic ‗burn‘ signal that can simply be implemented as a quadratic 

function of wavelength and has been shown to provide consistency of results between 

hyperspectral and more limited spectral sampling. 

 

The method also has its limitations: it assumes a linear mixing of components, a particular 

form of ‗burn‘ spectral signature. Also, the analysis above suggests that there will be some 

modulation of the primary product f x cc in the presence of complicating factors. 

Understanding this is of great importance to the practical use of any data derived from this 

approach, and this is further explored below. The most general interpretation of these is that 

the reported f x cc will be modulated by the sunlit relative proportion of unburned to fire-

affected area as viewed by the sensor. This is hardly surprising as this is the information the 

approach is intended to key off, but for multi-layer canopies it provides a potential 

complication to information interpretation. A further complication may arise if there is 

significant spectral contrast between the burned and unburned components of a pixel. Again, 

this is further explored in below.  
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3.8 Algorithm overview 

3.8.1 Objectives 

 

The primary objective of the algorithm is to produce estimates of the proportion of a pixel 

affected by fire (f x cc) when a fire has been identified for that pixel. A by-product is the 

production of an estimate of the magnitude and shape of the ‗burn signal‘ via two parameters 

(offset and magnitude) (see Equations 3.10 and 3.14). If information on the uncertainty of the 

input spectral data is provided, uncertainties in the output parameters can be calculated as 

detailed below. 

Figure 45. Flow diagram for linear mixture modelling algorithm

 

 

 

 

Fire flag 
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Linear Inversion 
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3.8.2 Retrieval strategy 

3.8.2.1 Linear Mixture model estimate of parameters 

An estimate of f x cc and the magnitude and shape of the ‗burn signal‘ are obtained by 

application of the linear mixture model described above. A flow diagram is shown in figure 

45. 

3.8.2.2 Inputs 

The algorithm requires input data of top-of-canopy spectral reflectance in at least 4 wavebands 

spanning the visible, NIR and ideally SWIR portions of the spectrum, both before a wildfire 

occurred (ideally immediately before) and after (ideally immediately after). The only 

additional requirement is that the viewing and illumination geometries are the same for both 

samples.  

 

It is assumed that the datasets input will be spatial in nature, although only those pixels 

affected by fire will be processed. This requires the definition of a mask indicating potential 

fire pixels. 

3.8.2.2.1 Method 

Given the linear form of the model, a result can be readily obtained with a constrained least 

squares solution. The rank of the matrix involved is only 3, so a variety of standard matrix 

inversion methods can be applied.  

 

The model can be written as: 

 

𝛿𝑖 = −𝑓𝑐𝑐 ∙ 𝜌𝑝𝑟𝑒 + 𝑓𝑐𝑐 ∙  𝑎0 + 𝑎1  2𝜆′𝑖 −
𝜆′ 𝑖

2

𝜆𝑀
                                                                  (3.36) 

 

where 𝛿𝑖 = 𝜌𝑝𝑜𝑠𝑡 ,𝑖 − 𝜌𝑝𝑟𝑒 ,𝑖  is the reflectance difference due to the fire at waveband i,  and 

 are two parameters that control the modelled burned scene spectrum. 𝜆𝑀  is the wavelength 

where the burned scene spectrum attains a maximum (usually, somewhere in the region of 

2000nm), and we are using an offset frequency 𝜆𝑒𝑓𝑓 , so that 𝜆′ = 𝜆 − 𝜆𝑒𝑓𝑓 . Eq. 3.36 can be 

solved for fcc and  and , if data acquired over several regions of the spectrum are 

available, so that the least squares solution can be found using the following expression: 
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We are interested in the uncertainty of the retrieval of fcc. Clearly, this is a function of the 

number of bands that we are using (assuming they can be considered independent 

measurements) and will also be a function of the reflectance data uncertainty. Calling the first 

matrix in the left hand side of Eq. 3.37 M, the uncertainty in the estimate of fcc is given by the 

element (1,1) of the inverse of M, M
-1

, multiplied by the uncertainty in the reflectance data 

(assuming it does not change pre and post-fire). 

 

 Although an analytical expression is possible, we present some illustrative estimates for 

different sensors and two typical spectra: one for dense green vegetation and another for very 

sparse vegetation (Fig. 46). The sampling of AATSR, MERIS, MODIS and CHRIS/PROBA 

are shown as dots. Note that throughout this discussion we assume that reflectance 

measurements acquired in different channels are uncorrelated(an incorrect assumption for 

MERIS and CHRIS). This makes our estimates for these two sensors overly optimistic. If we 

assume uncertainties of the order of 0.01 for reflectance in all channels (typical values for 

MODIS), we can see that the uncertainty associated with a full fcc retrieval is of the order of a 

few percent. 

 

 

Figure 46: Example of two typical spectra used to estimate the uncertainty in the 

estimation of fcc. 

 

Sensor  Green vegetation spectrum Brown vegetation spectrum 

AATSR 1.3425 6.1350 

MERIS 0.3837 1.0862 

PROBA 0.4738 1.2250 
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MODIS 0.5925 0.8947 

Table 8: Error inflation term for the typical spectra shown in Figure 46 and the 

proposed inversion algorithm for different sensor configurations. 

3.8.2.2.2 Outputs 

For each pixel processed, values of f x cc, a0 and a1 are calculated, along with associated 

uncertainties assuming the input errors well characterised and the model a perfect description 

of the physics of the scattering. 

3.8.2.2.3 Factors affecting Error 

Considering the form of Equation 10 we can see that the main parameter of interest, f x cc will 

be dependent on the contrast between pre- and post-fire reflectance and the contrast between 

the pre-fire reflectance and the burn signal. Since the parameter can be expressed as the ratio 

of these two, uncertainties in the difference between the pre-fire reflectance and the burn 

signal will produce enhanced uncertainties in f x cc. This suggests that if the spectral form of 

the pre-fire signal is similar to that assumed for the burn signal (i.e. close to a quadratic in 

wavelength) errors in f x cc will be high. 

 

Uncertainties in the burn signal are largely a function of the spectral range of the 

measurements: if this is too small (and a single constrained quadratic is assumed for all 

sensors), the function will be poorly characterised. This could be overcome if specific 

formulae are developed for the particular spectral sampling of each sensor considered, but this 

has the downside of not providing consistent interpretations of the burn signal between 

sensors. The spectral range used in the illustrations above (e.g. MODIS bands 1,2,5,7) should 

prove adequate for characterising this term, although further spectral sampling will allow more 

redundancy and therefore noise tolerance.  

 

Other than these (spectral) sampling and signal considerations, a factor identified in section 7 

that may be important is that when there are multiple ‗units‘ of cover in the pixel (e.g. trees 

and grass) and only one of these is affected by the fire, the change between pre- and post-fire 

reflectance is the product of f x cc and the difference between the reflectance of the scene 

component affected and the burn signal. If this manifests itself as a bias (e.g. the component 

that burns is some factor b times the overall pixel reflectance) across all wavebands, this will 

result in the retrieved value of f x cc being multiplied by the factor b. The absolute error then 

is less for higher f x cc.If the contrast between the affected and unaffected components is more 

random with wavelength, it will have less of an impact. 

3.9 Summary and Conclusions 

This chapter has provided theoretical background and examples for the taking samples of 

directional reflectance from spaceborne observations and providing angularly-normalised and 

angularly-integrated measures of reflectance and noted that accounting for such ‗directional‘ 

effects is important in the detection of evidence of biomass burning from optical wavelength 

observations of the Earth surface.  
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We then present an algorithm to provide parameters of relevance to characterising fire regimes 

and emission arising from wildfires. This involves a simple linear mixture model, using a 

generic spectral function (a constrained quadratic in wavelength) to characterise a ‗burn‘ 

signal so that the magnitude of this signal (relating to char and ash deposits and the exposure 

of soil) can be estimated, along with a compound term (f x cc) relating to the proportion of the 

pixel affected by fire. It assumes that all materials (cover types) within the pixel that are 

illuminated and viewed by the sensor are affected by fire in equal proportion. The generality 

of the proposed ‗burn‘ signal needs some further investigation, but the model has proved 

capable of explaining the change in signal due to fire in both forest fire hyperspectral data 

(with the post-fire measurement one year after fire) and equally well with more limited 

spectral sampling (but covering the range from the visible to SWIR). The model has also been 

shown to produce reasonable-looking results using only four wavebands over savanna, 

although no validation has been undertaken for either case. A particularly attractive aspect of 

the algorithm and the underlying model due to Roy and Landmann is that, given this generic 

description of a ‗burn signal‘ there is no need to solve for or describe other vegetation or soil 

components.  
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4 Algorithm Validation 

4.1 Introduction 

The purpose of this section is to present the plans put forward for algorithm validation. The 

study is both resource and time limited (nominally 18 months duration), which affects the 

range of validation work that can be undertaken. Originally, an approach based on a Monte 

Carlo Markov Chain (Metropolis-Hastings algorithm) inversion of a two-stream model due to 

Pinty et al (2006), modelling the impact of fire as a reduction in LAI and modification of a 

proportion of the lower boundary from its pre-burn conditions to a ‗burn signal‘ was proposed 

as a second ‗phase‘ to the algorithm, but this has not yet been investigated to any depth and so 

validation aspects are not included here.  

4.1.1 Overview 

In brief, the algorithm assumes that a wildfire has been detected from some other method and 

that coarse spatial resolution (of linear extent 250m to several km) high temporal resolution 

(ideally daily) remote sensing observations are available at several wavebands over the solar 

spectrum to determine some characteristics of the fire. Much of the approach is based on the 

assumption that observations will be obtained at multiple angles, although this is not a strict 

requirement of the approach. An estimate of the day on which a fire occurred is required to 

allow the provision of pre- and post-fire signals. The main data source of such data will be the 

MODIS burned area product (Roy et al, 2009), although we will also apply the approach 

developed here in an experimental ‗detection mode‘. Various active fire products (MSG 

SEVIRI and MODIS in particular) will also be used in the study. Further datasets on fire 

radiative power (integrated to fire radiative energy) will be used.  
 

The approach underlying the algorithm isa simple linear mixture model that attempts to 

retrieve: (a) the spectral signature of areas affected by biomass burning (two parameters 

describing the mean spectral function of areas affected by fire); (b) the proportion of area 

within a pixel affected by fire (the product of fractional coverage affected f and combustion 

completeness cc), f x cc. The ‗burn signal‘ may be interpreted in various ways, including the 

addition of char or ash deposits and the exposure of soil. It is not expected that these terms 

will be unambiguously retrieved from the signal, although they may have some relationship to 

particular effects over local or regional spatial domains. The algorithm is driven by spectral 

observations of bidirectional reflectance in at least four wavebands spanning the solar 

reflective domain. They could equally well operate from directionally integrated data. The 

only requirement on the observations (other than that they are processed to top of canopy 

reflectance and span the appropriate wavelength range) is that observations exist shortly 

before the fire and shortly afterwards, under the same viewing/illumination geometries. 

 
In one sense, the validation is relatively straightforward to consider in that the parameters have 

direct physical meanings. In practice however, it is not straightforward to accurately 

characterize such information for other EO datasets or forms of measurement, so the 

validation strategy takes several strands. Further, we must also accept that whilst fractional 

coverage affected f has a radiometric physical meaning, this is not quite true for combustion 

completeness cc, in that a radiometric description of this term (inevitably being related to 
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some proportionate radiometric change) is not the same as a mass-based description that is 

normally used. There could be considerable speculation about the true meaning of a 

radiometric description of combustion completeness, but a full exploration (and indeed 

validation) of this is beyond the scope of this study. 

4.1.2 Overall approach 

The overall validation strategy involves model-based studies, EO measurement-based studies, 

and interpretation of field data. Whilst there have been many remote sensing campaigns 

investigating fire activity, we are not aware of many resulting datasets that could provide the 

information needed here. We therefore suggest a four-pronged approach:   

 

1. Field-data-based investigation of the underlying principles of the model; 

2. Using a semi-analytical radiative transfer model to investigate and understand the 

operation of the model and associated uncertainties; 

3. Collection of new field datasets to feed Monte Carlo simulations of detailed 3D 

modelling scenarios with a ray tracing tool (drat, Lewis, 1999) as a surrogate truth 

to test the ability of the algorithm to accurately determine the model parameters 

described above; 

4. Comparing estimates of the model parameters with related measurements from 

alternative technologies, specifically: 

a. estimates of Carbon release from Fire Radiative Energy; 

b. estimates of f (and ideally fcc) from higher resolution satellite data. 

 

Many aspects of strand 1 and 2 of the strategy are generic in nature and should apply to a wide 

range of conditions. Given the wide-range of vegetation types affected by fire, and the time 

and resource limitations imposed by the study, this work within strand 3 will be limited to 

concentrating savanna ecosystems (responsible for the majority of burned area worldwide, 

characterised by often bright soils, a high proportion of grass coverage that is typically 

senescent when burning occurs and sparse bush over-story). The initial focus of strand 4 will 

also be on such ecosystems, but we hope to extend this to cover a wider range, time and 

resources permitting. 
 

4.2 Field-data-based investigation of the underlying principles of 
the model 

An important component of the model and algorithm developed is the concept of a generic 

model of the spectral product resulting from wildfire. In this work, we assume this to be: char, 

ash, and exposed soil (or linear combinations thereof). We do not try to directly differentiate 

these components, but rather seek a simple descriptor capable of mimicking the reflectance of 

these materials. As described in section 3, this is achieved using a principle components 

analysis of a set of field and laboratory spectra of these materials. Choosing a constant (offset) 

as the first basis function (and subtracting the mean from each spectrum prior to the analysis), 

its is noted that the first principal component can be well approximated by a quadratic function 

of wavelength when a limited band set is used. It is this model that is presented as a practical 

generic spectral descriptor in the model. In effect then, the generic model is a constrained 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

114 

quadratic function of wavelength (with two parameters, constraining the function maximum to 

be around 2000 nm for hyperspectral and MODIS spectral sampling). 

 

The validation of this model is achieved by: (i) testing the ability of the model to describe the 

(separate) spectral databases (char, ash, soil); and (ii) testing that the model poorly describes 

non-target spectra (non-photosynthetic and photosynthetic vegetation). Ideally, the former 

should be achieved with a dataset independent of that used in defining the basis functions, but 

since we have generalised the spectral model to a quadratic function, this testing still serves a 

useful purpose. It would be of some advantage to further test the (quadratic) model against 

further spectra. 

4.3 Using a semi-analytical radiative transfer model to investigate 
and understand the operation of the model and associated 
uncertainties 

Although the Monte Carlo ray tracing/3D modelling approach described below should provide 

greater ability to mimic the impacts of fire on vegetation canopies, there is great value in using 

somewhat simpler radiative transfer approaches to explore the fcc model operation. This is 

achieved in this study by two types of radiative transfer model. Details of the models and 

approaches are given below. 

4.3.1 1-D Radiative Transfer Modelling 

The aim of this modelling is to test the application of the spectral model in the consideration 

of sub-pixel fire impacts. The model is used to simulate pre-fire reflectance of ‗green‘ 

(photosynthetic) and ‗brown‘ (non-photosynthetic) canopies and varying proportions of the 

pixel assumed impacted by fire. Since no multiple scattering exists between these two 

components, it is merely a test of the ‗explicative‘ concepts for model operation outlined 

above. 

4.3.2 GORT Radiative Transfer Modelling 

More rigorous testing of the model is achieved using a GORT model originally designed to 

consider the impact of a tree or bush layer over a Lambertian lower boundary. The model is 

extended to include an explicit description of a grass (or similar) layer underneath the 

vegetation. Fire impacts are then simulated as impacting just the grass layer or both the grass 

and tree layer. Importantly, the BRDF effects of the signal can be reasonably simulated using 

this approach, so that the expected behaviour of the model with varying viewing and 

illumination angles can be analysed. Importantly, the modified model outputs the relative 

proportion of sunlit and shaded components of the composite multi-layer system viewed by a 

sensor under different configurations so that the explicative model presented above can be 

tested. Although the algorithm presented is linear in nature, these simulations incorporate 

multiple scattering of radiation between the canopy, grass and soil layers, so typical non-linear 

impacts are incorporated into this analysis.  

4.4 Collection of new field datasets 

Field data have been collected to provide a suite of structural, optical, thermal and related data 

from which to develop detailed models against which the burn algorithm can be tested and 
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validated (as far as possible). Field measurements and processing are described below. The 

collection of field data and subsequent detailed model development forms the basis for a 

significant part of the validation strategy i.e. the ability to simulate the pre- and postfire burn 

signal using highly-detailed 3D Monte Carlo ray tracing (MCRT) models, requiring a very 

limited number of assumptions (particularly structural) compared to simpler RT modelling 

approaches. 3D model development is described in detail in section 8. This approach allows 

various options for the burn algorithm to be tested in a self-consistent way i.e. where all the 

pre- and postfire structural (amount, arrangement and related RT properties), radiometric and 

burn-impact (loss of biomass, combustion completeness) information is known a priori i.e. it 

provides a ‗surrogate truth‘ against which to test the algorithm assumptions and performance, 

as well as a tool for exploring the information content of the burn signal more generally. 

 

The plans for this validation approach requires developing ―realistic‖ models of overstorey 

and understorey vegetation i.e. tree canopies and grass, at a range of densities, in both the pre- 

and post-fire conditions; testing of these models; validation against measured data; sensitivity 

analysis; and simulation of a wide range of burn scenarios to provide a suite of ‗observations‘ 

for testing of the burn algorithm. These stages of development are outlined below. This 

modelling is however complex, and this is the first time that an attempt has been made to 

model detailed fire impacts in this way. 

4.4.1 A surrogate ‘truth’ model 

The 3D model development is based on structural and radiometric data collected during the 

field campaign (see section 5). These data have been used to develop scene models that can 

accurately recreate the observed canopy signals pre- and postfire. This involves:  

 

 Development of individual structural components of the 3D scene i.e. tree, shrub and 

grass cover 

 Development of scene models (100x100m) combining individual components 

o Forward modelling of field measurements 

o Validation of the structural properties of the resulting 3D models against the 

field measurements 

o Sensitivity to scene structural properties 

 Forward modelling of the plot-scale reflectance before/after fire 

 Comparison of the 3D model radiometric performance against field measurements 

 Simulation of RS measurements 

o Particularly before/after helicopter-measured ASD data (limited directional, but 

full spectral) 

o EO data as available (ideally angular, VIS/NIR) 

 Sensitivity analysis of the 3D models 

 

Full details of 3D model development and testing are given in section 7, but are outlined 

below. 

4.4.1.1 Tree structure 

3D tree structure was developed using OnyxTREE© software, parameterised using the 

detailed measurements of tree height, DBH, and crown size made in the field. These 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

116 

measurements were used to develop trees in leaf-on and leaf-off conditions, for the dominant 

species at the sites (see section 5). 

 

To generate plot-sized scenes (100x100m) trees are arranged randomly within a given plot, 

according to a predefined planting density (and standing, falling), determined from the field 

observations described in section 5. 

4.4.1.2 Shrub structure 

3D shrub structure was generated based on generic shrub models included within OnyxTREE, 

modified to provide the approximate height and width observed from the transect 

photography. Ten separate examples of shrubs were generated, with both leaf on and leaf-off 

conditions. Shrubs are distributed through the scenes according to density measurements made 

from the field observations described in section 5. 

4.4.1.3 Grass structure 

3D grass structure is perhaps more important in terms of the pre- and postfire burn signal 

respect than that of the trees, given the density of coverage and the fact that apart from the 

more severe fires in the drier areas, the majority of combustion that occurs is of the grass and 

shrub layer only. For efficiency due to the large amount of understorey grass cover, we have 

used cylinders of varying lengths to represent the grass objects. This is an issue of ongoing 

testing due to the possible under-representation of forward scattering (transmittance) through 

the cylinders when hit by a ‗photon‘ (see section 8 for further detail). To represent post-fire 

structure, we replace the grass plants by much smaller plants, with different (burnt material) 

reflectance properties. Figure 47 shows examples of the key 3D scene model components. 

 

   

Figure 47 Examples of the 3D scene model components, all simulated using the librat 

model at 850nm from a view angle of 60. Left: Sclerocarya-type tree (approximately 

15m in scene height; centre: shrub, leaf-on (approximately 1.5m in scene height); grass 

(approximately 1.5m in scene height). 
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The range of individual plant models and scenarios used to test the 3D model implementation 

is summarised as follows. The individual plants comprise: 

 

1. 10 grass plants (mean height 1.2m  0.5m); 10 grass plants (mean height 0.1m  0.05m); 

2. Five shrub plants with leaf on and leaf off. 

3. 8 Combretum trees with leaf on, 8 Combretum with leaf off, and horizontal versions of 

each. 

4. 4 Sclerocarya trees with leaf on. 

 

The scenes constructed from these basic plant units comprise: 

 

1. Low density, leaf on: a fixed base area 50m on a side (which can be expanded as 

required), replicated out to 4km on a side, 120 shrub plants (leaf on); 70 Combretum 

trees (20 leaf on, 50 leaf off, 75% lying flat); 1 Sclerocarya tree with leaf on; 54000 

grass plants (25 per m
2
, excepting areas where there are trees or shrubs). 

2. Low density, leaf off: as above but with grass plants replaced by their stubble 

counterparts. 

3. High density, leaf on: as above, with 105 Combretum trees (30 leaf on, 75 leaf off, 

30% lying flat); 3 Sclerocarya trees with leaf on; 86000 grass plants (~40 per m
2
, 

excepting areas where there are trees or shrubs). 

4. High density, leaf off: as above, but with grass plants replaced by their stubble 

counterparts. 

 

4.4.1.3.1 Testing 3D model properties 

3D model structure has been validated using the measurements made in the field (and 

described in section 6). For the overstorey (tree) and understorey (shrub, grass) cover, 

estimates of canopy gap fraction were derived from upward and downward-looking 

hemiphotos. These have been compared with gap fraction (and derived LAI values) calculated 

by simulating ―hemiphotos‖ using the 3D scene models and then processing them in the same 

way as the field hemiphotos. This enables a mapping to be calculated between the field-

measured and modelled gap fraction and LAI of both the understorey and overstorey. 

 

Sensitivity analysis has been carried out to determine the most appropriate tree and grass 

cover values to match those of the field measurements. However the 3D models are generic 

and so can be combined to represent a much wider range of conditions than those measured in 

the field, which is required for algorithm testing. 

4.4.1.4 Testing 3D model radiometric properties 

The 3D scene models have been used to simulate the understorey (grass, shrub) angular and 

spectral reflectance properties, to compare with field measurements and allow the 

determination of the appropriate range of grass cover and spectral properties best able to 

describe those measured in the field. 
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4.4.1.5 3D model validation 

For structural and radiometric validation, the input required is: the 3D scene models, tree 

canopy structural information (height, DBH, crown size, LAI);/ oblique high-res photography 

from helicopter to provide qualitative estimates of the total tree cover and geometric 

characteristics (particularly shadowing); gap fraction and canopy cover; iterative checking of 

understorey cover and gap fraction; fuel loads. 

 

These data have been used to check the structural and radiometric properties of the scene 

models, compared with the best available remotely sensed data (the helicopter-mounted ASD 

data in the first instance, but larger-scale EO data as available – see section 6). A wide range 

of canopy scenarios has been used to simulate canopy scattering for iterative testing of the 

retrieval algorithm to the 3D modelled ‗surrogate truth‘, where all the scene structural 

properties are known. 

4.4.2 Thermal 

A number of thermal measurements were acquired during the Kruger campaign (for details, 

see section 6). These provide an estimate of the amount of vegetation combusted. Applying 

the proposed algorithm to the optical data acquired over the plots, and making use of the fuel 

load measured on the ground, it is possible to construct estimates of combusted biomass that 

are comparable to the FRE estimates. A second way of estimating fcc is through estimates of 

pre- and post-fire difference in LAI. This allows to validate how meaningful fcc values 

derived from the spectral data acquired from the helicopter are. Each of these two ―bottom-up‖ 

methods will be compared with the FRE estimates. 

4.4.3 Scaling from plot level 

A further aspect of the model development and testing is the generation of estimates of f x cc 

made at the plot scale to the wider area, through the use of high resolution EO data, and then 

the upscaling of these estimates to the scale of moderate resolution EO data in order to 

validate the approach at each scale. This involves: 

 

 Acquisition of high resolution (i.e. CHRIS-PROBA/TM/SPOT/ALOS) data pre- and 

postfire at (ideally) the same sites/dates as used in the field data and model 

development; 

 Co-registration and characterisation of the radiometric properties of high resolution EO 

data via field measurements, atmospheric correction etc.; 

 Comparison with detailed 3D model-simulated angular and spectral reflectance; 

 Estimation of f x cc over the wider area for burned regions from high resolution data 

(and comparison with 3D models); 

 Upscale estimates of f x cc from higher resolution data to compare with values 

calculated from moderate resolution EO data (i.e. MODIS, MERIS) to validate 

approach at these scales.  

 

However, in practice higher resolution data of the Kruger sites has been unavailable due to 

cloud cover, particularly for the times/dates required (see section 6 for further description). As 

a result, alternative sites and sources of data are being explored (see section 6 and below).  
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4.5 Comparing estimates of the model parameters with related 
measurements from alternative technologies 

4.5.1 Estimates of Carbon release from Fire Radiative Energy 

The availability of very frequent thermal acquisitions over Southern Africa from the SEVIRI 

instrument on board the METEOSAT Second Generation satellite has allowed for the nearly-

continuous sampling of fire radiative power, which integrated results in fire radiative energy, 

found to be linearly related to combusted biomass (Wooster et al., 2005). This ―top down‖ 

approach is completely independent of a ―bottom up‖ approach often used in fire emission 

studies, where estimates of biomass, burned area and estimates of combustion completeness 

(both spatial and in a mass loss sense) are multiplied together to obtain combusted biomass. 

This bottom up approach suffers from complications in the calculation of the amount of 

available biomass and the combustion completeness. The former is often complicated to 

estimate as no direct biomass measurements are available, and even if they were, there might 

be biomass elements that play no role in fires (such as trees in savanna fires, which rarely 

burn). Combustion completeness is assumed 1, or in some cases, some measure of vegetation 

moisture content can be used to scale it. These methods are a far cry from a real estimate, and 

so estimates of combusted biomass using the bottom up approach vary wildly. 

 

Previous attempts at estimating fcc using linear mixture models using MODIS data by the 

authors have been used in a comparison to combusted biomass obtained from the top down 

SEVIRI approach. The biomass was estimated as the integral of Net Primary Productivity 

(NPP) up to the day of burn, and the estimates of fcc were discussed in (Gomez-Dans and 

Lewis, unpublished). This first pass at estimating fcc was applied to a single fire over Angola 

that took place in August 2004. The spatial distribution of fcc is shown indata. The spatial 

distribution of fcc is seen to be very high within the burnscar, dropping towards the edges.  
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Figure 48: fcc derived from simple linear mixture analysis of MODIS data. 

 

A visual comparison of the combusted biomass estimates from that fire is compared with the 

SEVIRI estimates of FRE are shown in Figure 48 (note the different projection). A 

comparison between the combusted biomass estimates derived from the ―bottom-up‖ approach 

(MODIS) and the ―top-down‖ approach (SEVIRI) for this same fire is shown in Figure 49. 

These initial results suggest that thermal data might be a good test dataset to confront results 

obtained in the optical domain. A number of issues remain to be addressed for a complete 

comparison. In terms of the SEVIRI data, it is important to understand that the calculated FRE 

will miss the smaller fires (or those with low fire radiative power), there are issues due to 

cloud cover and incorrect atmospheric correction, as well as the masking of the thermal signal 

from ground fires as it traverses a canopy. There can also be issues with sensor saturation. For 

the ―bottom-up‖ approach, the main uncertainty lies within the biomass estimates from optical 

imagery. Still, these initial results suggest potential for insightful comparisons between the 

optical and thermal data. 
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Figure 49: Comparison between "bottom-up" estimates of combusted biomass from 

MODIS (top) and “top-down” approach using MSG SEVIRI data for a single fire in 

Figure 48 (scaling factor missing). 
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Figure 50: Comparison of MODIS derived combusted biomass and MSG SEVIRI 

derived combusted biomass for the fire shown in Figure 49 andFigure 50 (scaling factor 

missing) 

 

4.5.1.1 Validation procedure for combusted biomass estimates 

The proposed algorithm would attempt to estimate combusted biomass from optical data 

(MODIS), and would compare these results with estimates from MSG SEVIRI. The validation 

should be carried out in a few fires that are not negatively impacted by SEVIRI's drawbacks. 

These fires should be relatively large, should have burn for a relatively long time, and the 

sensor should not have been saturated. The algorithm proposed in the ATBD will be used on 

contemporary MODIS data to estimate fcc, and the MODIS MOD17 product (photosynthesis) 

will be used to integrate NPP since time of last burn (derived from the MODIS MCD45A1 

product). The thermal data will be integrated and converted to combusted biomass. For each 

pixel belonging to a fire, the underlying MODIS pixels will be identified, taking into account 

the shape of the SEVIRI resolution cell, and some extra leeway to account for misregistration 

uncertainty. For each of these MODIS pixels, the integrated NPP will be multiplied by fcc, 

and added together. This quantity (with units of mass [kg]) can be compared directly with the 

SEVIRI pixel estimates. To account for artefacts in the SEVIRI processing chain, per-fire 

comparisons will also be performed in addition to per-pixel ones. Analysis of these results 

should take into account that uncertainty is present in both the thermal and optical data, so 

procedures such as the one described by (Kelly, 2007) should be employed. 
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4.5.2 Estimates of f/fcc from higher resolution satellite data 

The availability of higher resolution datasets, with pixel sizes of the order of 30m or better, 

such as Landsat TM5 and ETM7, CHRIS/PROBA etc, have been used for estimating 

burnscars operationally for quite some time now. Analysts have outlined burnscar perimeters 

on these images. Resampling these burnscars to a grid compatible with a moderate resolution 

sensor is a first estimate of f, the proportion of the pixel burnt. The algorithm introduced above 

and discussions in (Roy & Landmann, 2005) suggest that inversion of pre- and post-fire 

reflectance results in the product of f and cc, the combustion completeness (understood here as 

a radiometric quantity, see Sections 2 and 3). While simple approaches based on band ratios 

before and after the fire have been devised, such as the normalised burn ratio (NBR) (Roy et 

al., 2006) or the relative change in near infrared reflectance (Landmann, 2003), and are indeed 

in operational use), they have either been criticised (Roy et al., 2006) or need careful and 

extensive ground calibration to convert into some value of cc. The lack of data on cc will be 

circumvented in a number of ways. 

4.5.2.1 Estimating f from ETM+ data 

The data from Roy et al., (2005 is made up of 11 ETM scenes over Southern Africa, spanning 

an important area of fires, with a varied precipitation and temperature gradient. The burnscars 

between successive (or nearly successive) ETM passes (hence separated by 16 days) have 

been delineated by local experts. These data, at 30m resolution, are resampled to MODIS 

resolution, and for each MODIS pixel, the ratio of ETM burned pixels to total ETM pixels in 

the MODIS grid cell is calculated. To account for inaccuracies in geolocation of the ETM 

datasets, a top hat filter with a linear tapering is used to smooth the burned/unburned ratio at 

the ETM resolution, to simulate an uncertainty in geolocation of 6 ETM pixels (180m). The 

data are then reported as the proportion of the pixel burned per MODIS grid cell. Figure 51 

shows an example from fires in a scene acquired near the Okavango delta (path/row: 180/73). 

From the figure, it appears that the estimated f is close to unity within the fires that occupy one 

or several MODIS pixels, but its value decreases as the spatial heterogeneity of the original 

burnscar increases. A comparison with the estimates of fcc will always result in some bias, as 

cc will nearly always be less than unity (although in grass fires, values close to unity have 

been reported). Additionally, there can be significant heterogeneity in terms of burned area at 

the ETM+ pixel scale, as there can be areas of fuel discontinuity that do not burn. These are 

ignored when delineating the burnscar, but will have an impact as in general, the fraction of 

the pixel burned will be less than that reported.  
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Figure 51: f derived from ETM+ data over Namibia. 

4.5.2.2 Estimating fcc from ETM+ data 

In addition to the estimation of f, some effort has been done to estimate fcc, the same quantity 

estimated by the algorithm described in section 4. In fact, starting from an estimate of f that 

includes geolocation uncertainty (see previous Section), the problem reduces to calculate cc. A 

number of methods have been proposed in the literature, using the fact that vegetation in the 

near infrared is highly reflective, in stark contrast to char or soil signals found post-fire. 

Similarly, the water absorption bands can be used to gauge the amount of vegetation left intact 

by the fire. A number of authors have used band ratios based on observations pre and post-fire 

to infer severity. None of these efforts result in a direct estimate of cc, which needs to be 

calibrated nearly always with extensive field sampling campaigns. Moreover, these measures 

have been fundamentally criticised by other authors (Roy et al, 2005).  

 

Another way to work towards an estimate of fcc that is practical and useful for grassland fires 

(such as African savannas), is to assume that late season fires tend to have a fairly high degree 

of combustion completeness (due to cured grasses being the main fuel), what limits fire 

growth is fuel availability (in this case, previous burnscars would act as fire blocks, as well as 

changes in landcover, etc., and we ignore suppression efforts, or weather effects). Hence, a 
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simple spatial smoothing on f might result in values of fcc that are more meaningful that the 

data presented in Figure 51 An example of this smoothing is show in Figure 52. Additionally, 

ETM-derived estimates of Delta NBR and the relative drop in near infrared have also been 

calculated, as proxies to cc.  

 

Figure 52: fcc derived from ETM7+ data over Namibia using spatial averagng. 

 

4.5.2.3 Initial examples using MODIS data 

This Section presents initial examples of the validation procedure using ETM7+ data from 

Southern Africa. The proposed algorithm is run using a spatial mask of detected fires from the 

ETM7+ data on MODIS TERRA and AQUA reflectance. For each pixel, the day of burn is 

searched between the two ETM7+ observation dates plus one extra day at each end. The 

algorithm detects the date the fire occurred using some heuristics. This step is necessary to 

identify parameters such as fcc, and other soil reflectance parameters. If there is confidence of 

the data the fire occurred (either from ground knowledge or from active fires), this data can be 

fed directly into the retrieval procedure. 

 

The estimates from the spectral soil model and linear mixture can then be compared to 

equivalent estimates derived from other sensors, and in this case, the data are compared to fcc 

estimates from ETM7+ that have been smoothed spatially at the 30m scale (to counter 

geolocation errors), and at the MODIS scale (to try to estimate fcc rather than f). In order to 
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minimise the impact of the detection algorithm, only pixels that have been clearly detected 

using the new algorithm have been used. The visual comparison on both images is shown 

inFigure 53. Note that both plots are in the same units, and there is a reasonable agreement on 

the spatial distribution of areas that have been burned completely (inside large fires), and areas 

where the burns have not been complete (edges of fires, smaller fires…) 

 

Figure 53: Differences between fcc from ETM7+ data (left), obtained using spatial 

averaging, and the results derived from the algorithm proposed in the ATBD document 

(right). These results are for fires identified in ETM7+ scene 165/070 in Mozambique. 

The absolute differences in fcc are shown in Figure 54, where it becomes apparent that the 

MODIS estimates are mostly within 0.2-0.3 of the ETM7+ derived estimates. The histogram 

of differences is shown in Figure 55. The distribution is unimodal, with similar mean and 

mode. The standard deviation is around 0.17, and the 95% credible interval lies within (-0.375, 

0.3).  
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Figure 54: Absolute differences between MODIS-estimated and ETM-estimated fcc 

(fccETM – fccMODIS). Data are as in Figure 53 

Figure 56 shows a comparison in terms of a scatter plot. Although there is quite a lot of 

scatter, both measures agree in finding generally low values of fcc in this area of fragmented 

landscapes and small fires.  

 

Figure 55: Histogram of differences between ETM7+ derived fcc and MODIS-derived 

fcc. Data is from scene shown in Figure 53. The two vertical red bars indicate the 15-

85% confidence interval. The mean, mode, standard deviation and 95% CI are shown in 

the box at the top left hand side. 
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Figure 56. Comparison between fcc inferred from the MODIS data (y axis) and values of 

fcc inferred from the ETM7+ data (x axis). This plot corresponds to scene 165/070 

(Figure 53). 

 

The same analysis has been applied to the pair of scenes acquired over Namibia, near the 

Etosha National Park (path/row 180/073). The comparison plots are shown in Figure 56. The 

fires detected in this area are very large, so that the ETM7+ estimation of f has high values, as 

the pixels pertaining to a given burnscar are assumed to be completely burned. The MODIS 

estimates, although generally high within the burnscars, show more variability than the 

ETM7+ equivalent, and the estimated values from MODIS are some 10% lower than those 

derived from ETM7+. This is obvious from the absolute differences (Figure 54) and the 

histogram of differences (Figure 55). The comparison shown in Figure 56, however, shows an 

encouraging linear relationship, although most of the ETM7+ data have values larger than 0.9. 
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Figure 57: Burns near the Etosha National Park (Namibia), path/row 180/073. fcc 

derived from ETM7+ (left) and MODIS (right). 

 

 
 

Figure 58: Burnscars near Etosha National Park. Absolute difference in fcc estimates. 
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Figure 59: Burnscars near Etosha National Park. Histogram of differences in fcc derived 

from MODIS and ETM7+.estimates. 

 

Figure 60: Burnscars near Etosha National Park. Comparison in fcc estimates. 

4.5.2.4 Comparisons of algorithm and other measures of severity 

It is important to at least benchmark the proposed algorithm with other methods of severity 

estimation, such as those based on vegetation indices, such as ΔNBR or the relative change in 

near infrared reflectance. The latter can be seen, under the assumptions of the proposed model 

is related to the minimum value of fcc (under the assumption that the burn signal is 0). Initial 

comparison of these values is shown for two ETM+ scenes in Mozambique (many small fires) 
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and in Namibia (a small number of large fires). The comparison has also been carried out 

using  f rather than fcc. 

 

Figure 61: Estimated fcc using different methods from MODIS data.  fccMODIS is the 

result of  the proposed algorithm, ΔNBR is the results from using the difference in pre 

and post-fire NBR using NBAR reflectance from the MCD43A4 product). ΔNIR is the 

relative change in infrared reflectance, calculated from the MCD43A4 product. fccETM  

are fcc  estimates from spatially averaged ETM7+ data. These plots correspond to scene 

179/073 (Namibia). 
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Figure 62: Same as Figure 61, but considering  fETM  rather than fccETM. 

4.6 Discussion and critique of validation approach 

The validation procedure outlined in the present document aims to ascertain the suitability of a 

simple model of how fire affects vegetation. This is done from a number of different starting 

points, from the empirical to the more analytic methods based on ray tracing models of burned 

scenes (used a surrogate of more extensive ground sampling experiments), simulation using 

radiative transfer models to understand limitations due to sensor characteristics, and finally, 

using satellite data to estimate the performance of the proposed techniques in a regional 

context.  

 

Field based studies are limited by their laborious nature, so that they only cover a few selected 

plots. This imperfect knowledge can however be extended to a wider variety of situations by 

constructing three-dimensional models of scenes based on the principles observed in the field. 

These act as surrogates of the traditional field sampling strategies, and provide a viable way of 

investigating fundamental physics of burned optical surfaces. It is important to note that 

constructing similar scenes for other vegetation types that give rise to different fire regimes is 

not automatic from current efforts, and would probably require extra effort in terms of 

understanding how fire affects these other biomes. 

 

The use of semi-analytic radiative transfer models allows for a general study of the theoretical 

basis of the explicative model used. It also allows for a more generalised treatment of a 

number of important properties of burned surfaces (soil reflectance, vegetation composition), 

as well as allowing a theoretical assessment of typical sensor performance (by investigating 

spectral band ranges, angular sampling, etc.).  
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Using satellite data for validation is desirable as it potentially enables the confrontation of 

algorithm output over a wide range of fires, and thus allows testing against all sorts of 

complicating factors that have been overlooked in the other approaches. However, some 

caveats to be aware of stem from the fact that there are few quality datasets that explore the 

concepts needed for validation. In particular, we are not aware of any satellite-derived dataset 

that contains validated combustion completeness and pixel area burned. The latter parameter is 

also a binary mask derived from a contour of the burnscar. This approach ignores spatial 

heterogeneities in combustion within the burnscar, coupled with assumption that the 

combustion completeness is complete (or set to some arbitrary chosen value) within a given 

burnscar. The use of derived datasets using band indices are not satisfactory, as there is little 

evidence of their general applicability to all types of fire regimes, soil optical properties, etc. 

At best, they are a proxy of severity, at worst, they offer no practical help. 

 

Use of thermal data is useful, as an important use of burned area datasets is to estimate 

combusted biomass, and having independent measurements of this quantity from the thermal 

observations is useful to confront these assumptions. There are issues with validation of the 

thermal data themselves, as well as with their ability to investigate smaller burns, or areas that 

only burn partially. In some circumstances, uncertainties in the thermal data can be significant, 

and the problem is exacerbated by using only indirect indicators of biomass (as integrated 

NPP). 
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5 Field data and Remote Sensing Report 

5.1 Introduction 

The aim of this section is to describe the field data collected for this project, along with 

associated processing routines. It also describes the core remote sensing datasets used in the 

study, again along with processing applied. 

 

In brief the algorithm developed in this project isa simple linear mixture model that attempts 

to retrieve: (a) the spectral signature of areas affected by biomass burning (two parameters 

describing the mean spectral function of areas affected by fire); (b) the proportion of area 

within a pixel affected by fire (the product of fractional coverage affected f and combustion 

completeness cc), f x cc. The ‗burn signal‘ may be interpreted in various ways, including the 

addition of char or ash deposits and the exposure of soil. It is not expected that these terms 

will be unambiguously retrieved from the signal, although they may have some relationship to 

particular effects over local or regional spatial domains. The algorithm is driven by spectral 

observations of bidirectional reflectance in at least four wavebands spanning the solar 

reflective domain. They could equally well operate from directionally integrated data. The 

only requirement on the observations (other than that they are processed to top of canopy 

reflectance and span the appropriate wavelength range) is that observations exist shortly 

before the fire and shortly afterwards, under the same viewing/illumination geometries;  

 

These parameters will be derived from the products of moderate resolution data such as 

MODIS, MERIS and MISR. It is assumed that methods external to those considered in this 

study will be used to determine the day on which a fire occurred (so as to allow the provision 

of pre- and post-fire signals). The main data source of such data will be the MODIS burned 

area product and various active fire products (MSG SEVIRI and MODIS in particular). 

Further datasets on fire radiative power (integrated to fire radiative energy) will be used.  

5.1.1 Overall approach 

Algorithm validation in this project involves a four-pronged approach: 

 

1. Field-data-based investigation of the underlying principles of the model; 

2. Using a semi-analytical radiative transfer model to investigate and understand the 

operation of the model and associated uncertainties; 

3. Collection of new field datasets to feed Monte Carlo simulations of detailed 3D 

modelling scenarios with a ray tracing tool (drat, Lewis, 1999) as a surrogate truth 

to test the ability of the algorithm to accurately determine the model parameters 

described above; 

4. Comparing estimates of the model parameters with related measurements from 

alternative technologies, specifically: 

a. Estimates of Carbon release from Fire Radiative Energy; 

b. Estimates of f (and ideally fcc) from higher resolution satellite data. 

 

The remainder of this section is as follows: 
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 Section 5.2 presents an overview of the plans made for the Kruger fieldwork before the 

fieldwork visit. This includes a description of the sets of measurements (and associated 

equipment and techniques) that would be collected given ideal weather and logistical 

conditions.  

 

 Section 5.3 presents the detailed description of optical/structural and thermal 

measurements made during the field campaign as well as associated issues with 

collection and processing. 

 

 Section 5.4 presents a description of available/suitable remote sensing data and issues 

associated, as well as auxiliary satellite datasets that have been gathered/processed for 

developing and testing. 

 

 Section 5.5 summarises data collection and outlines how these data feed into (in 

particular) the RT modelling described in section 7. 
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5.2 Field campaign: Kruger National Park, South Africa: Plans 

5.2.1 Introduction and Fieldwork plans 

The primary purpose of the field campaign was the collection of new datasets specifically for 

radiative transfer model parameterisation and evaluation within the scope of this study. 

Measurements will principally involve pre- and post-burn characterisation of vegetation 

characteristics and fuel loads and the collection of optical spectral reflectance measures from 

the ground and from helicopter. Associated with these are a set of measurements and 

calculations on biomass and biomass combustion from thermal observations. 

 

The plan was to estimate fuel consumption and carbon emission in fires via a series of 

independent approaches for cross-comparison: (i) Ground Survey; (ii) Fire Radiative Power; 

(iii) Smoke Emission Assessment; (iv) using the parameters derived by the algorithm being 

developed in this study, namely f x cc, pre- and post-burn (effective) LAI, and analysis of the 

‗burn signal‘ (as noted above, this will be related to soil exposure and the presence of char 

and/or ash).   

 

The field campaign took place in October/November 2008 and was planned to involve a 

multi-scale approach involving: (i) ground-based biophysical characterisation of the pre- and 

post-fire vegetation, including biomass, proportionate cover and LAI of vegetation layers; (ii) 

ground-based spectral characterisation of the reflectance properties of vegetation components 

(leaves, stems etc.) and soils using ASD FieldspecPro (~400-2500 nm) with integrating sphere 

(available via UCL); (iii) ground-level and airborne (helicopter)-based measurements of 

canopy directional reflectance (optical wavelengths) using ASD FieldSpecPro; (iv) field and 

helicopter-based thermal IR measurements during fire using instrumentation available from 

KCL; (v) satellite observations of the study sites before, during and after fire (where 

appropriate) from geostationary satellites (MSG over Europe and S. Africa, using US sensors 

over Canada), moderate resolution sensors MERIS, MODIS and MISR, and high resolution 

acquisitions from ASTER, SPOT, Landsat ETM+ and/or CHRIS-PROBA (if available). There 

will also be video cameras and a mobile, handheld smoke sampling apparatus that we will 

position downwind in the hope that the plume may intersect the ground at some point. 

Meteorological conditions will be recorded at each site using two portable, electronic weather 

stations capable of recording wind speed and direction. The data logger will be synchronized 

to a handheld Global Positioning System (GPS) unit, and wind speed, wind direction, 

temperature, and relative humidity (RH) will be recorded continuously beginning a few hours 

prior to ignition and continuing until the end of the burning period.   

 

For each observed plot, fuel conditions will be characterized at ignition time, and fuel loadings 

will be surveyed before and after the burning event to determine total fuel consumption. Fuel 

moisture samples will be collected shortly before ignition by selecting a representative tuft of 

grass and measuring the wet weight with a digital balance immediately at the site. The fuel 

sample will then be oven dried at a later date, and the subsequent weight will be used to 

calculate fuel moisture content on a dry weight basis.   
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Data from the field campaigns were used to characterise 3D models of the local environments. 

The impact of the fires will then be modelled by modifying the biophysical and spectral 

characteristics of the 3D models (see below). Simulations will be performed corresponding to 

the observations collected from ground, airborne and spaceborne remote sensing 

measurements. These simulations (with assigned uncertainties in biophysical chatacteristics 

resulting in simulated uncertainties in reflectance) will be compared to the remote sensing data 

to confirm (or not) the radiative transfer models‘ ability to simulate the pre- and post-burn 

signals. Once we have a modelling framework for these sites and demonstrated the ability to 

characterise signals due to fire events, we can extrapolate our modelling to different viewing 

and illumination angles to investigate changes in the spectral BRDF due to fire. The modelling 

efforts also inform us about which components of the signal change (e.g. spectral changes in 

understorey/overstorey, impacts on single or multiple scattering etc.). Further, with the 3D 

modelling and the range of sample sites, we can attempt to extrapolate to new scenarios for a 

wider study of the impacts of biomass burning on the BRDF in these environments. Scaling up 

of results and modelling from the test sites to moderate resolution satellite data will be 

achieved via the higher spatial resolution data. The role of CHRIS-PROBA in this task could 

prove particularly useful as it can provide hyperspectral (visible and near infrared) multi-

angular high spatial resolution observations. We do appreciate however that the availability of 

such data depends on other demands for the instrument, orbital characteristics, cloud cover 

and also on the continued operation of this mission over the time period of interest. If such 

data are not available, we will have to make use of single view angle data from SPOT, Aster 

and/or Landsat.  

5.2.2 Field Sites 

We had permission from KNP to undertake controlled burns in the park in late October 2008, 

in collaboration with local staff. A range of sites within the park is available for this study. 

The dates of experimental fires are expected for burns in the southern-most area of the park 

between 27-29th October 2008, depending on weather, with the other 2 sites burned in the 

following days.  

 

Table 9KNP site coordinates (see Figure 63) 

 

Table 9 and Figure 63, Figure 64 and Figure 65 detail the locations of the potential field site 

areas. If time and weather allow, we will attempt measurements at all sites. If this is not the 

case, we will concentrate on the two southern-most sites.  
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Figure 63. KNP sites and buffer radii required for satellite data 
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Figure 64. Images showing locations of the northern site, Mopani. 
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Figure 65. Location of Satani and southern sites at Skukuza and Pretorisukop. 
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5.2.3 Optical and structural measurements 

The aims of the optical/structural field data collection are to collect measurements 

characterising the amount and state of the vegetation within the 4 test sites pre- and post-burn, 

to enable the parameterisation of detailed 3D structural models, and radiative transfer (RT) 

models describing the test areas. The optical/structural measurement protocols are included in 

Appendix 1. 

 

In particular, the fieldwork is aimed at collecting the structural and radiometric (optical 

reflectance) changes in each plot pre- and post-burn, as well as a range of general site-wide 

pre- and post-burn characteristics i.e. estimates of the percent of each of the overstorey and 

understorey that has burned, and their respective spectral, structural reflectance behaviour. 

The figure below shows the nature of the test areas and the impact of the burn – particularly 

on the understorey reflectance.  

 

To characterise the structural and radiometric changes, a range of measurements were made 

which are listed below, including estimates of manpower time required for each measurement, 

as well as the equipment required.  

5.2.3.1 Canopy 

Percent cover of the over- (trees) and understorey (grass, shrubs) is estimated from two 

different sources. Firstly, we will collect overhead photography using a full-frame Canon EOS 

5D digital camera from helicopter to estimate the area covered by overstorey and understorey 

vegetation in each plot. Photos will be taken both directly overhead with a wide-angle (near 

fisheye) lens, as well as obliquely with a standard lens. This allows visual estimation of both 

the area covered by trees, and potentially tree height, assuming a known sun elevation, and 

ground distance scale. Around 10 images of each type will be collected in each plot pre and 

post-burn. These will be carried out during helicopter flights for radiometry (see below), 

requiring stops of around 1 minute at each point (10 * 5 plots = 50 in total), with two operators 

– one for radiometry, one for photography.  

 

Cover is also estimated through the use of upward and downward-looking hemispherical 

photography, using a circular fisheye lens on the full-frame Canon EOS5D camera. The 

hemispherical photography is processed using the CanEYE software 

(http://www.avignon.inra.fr/can_eye/) to extract estimates of: (from the upward photography) 

overstorey (tree) cover, overstorey leaf area index (LAI) and information on tree leaf angle 

distribution (LAD); (from the downward photography) understorey vegetation cover, LAI and 

LAD, as well as canopy gap probability i.e. the probability of viewing sky (above) or ground 

(below) through the canopy, related to LAI.  

 

Photographs will be taken over two 300m transects along each plot, separated by 50 m (i.e. at 

25m from either edge) at 10 m intervals, giving 60 points per plot, each taking approximately 

2 minute. Given the likely bright sky and dark leaf, tree material, for the upward photography, 

3 images will be taken at each point, 1 stop above and below (bracketing) the metered 

exposure. This will not be required for the downward photographs.  
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5.2.3.2 Canopy LAI 

LAI of the overstorey and understorey will be measured pre- and post-burn using the LiCOR 

LAI-2000 plant Canopy Analyser. UCL has two of these instruments, so that for the 

understorey, two measurements can be made simultaneously. These will be made on the same 

grid as for the photography. For areas with tree cover two measurements will be made – one 

below the understorey, which then comprises a measurement of the total overstorey + 

understorey LAI; and one above the understorey, which comprises just the overstorey LAI. In 

each case, where there is significant tree cover, the above-canopy measurement will need to be 

made ether in a large clearing, or in tandem mode (one instrument outside the canopy, one 

inside). LAI-2000 measurements will be made at dawn/dusk as far as possible in the absence 

of direct sunlight, or if conditions are completely overcast.  

5.2.3.3 Tree number density and structure 

The total number of trees in each plot will be counted pre-burn, to provide an estimate of tree 

number density. If this is highly variable, the number of trees in circular sub-plots of radius 

20m will also be measured within each plot, to characterise this variability. Five sub-plots will 

be used equally spaced along the long axis of each plot. This measurement requires two 

people, and can be done while measuring DBH and tree height. Each tree will be labeled and 

the GPS location recorded, as it is measured in order to prevent double counting.  

 

Tree diameter-at-breast height (DBH, diameter at 1.3m) will be measured for all trees in each 

plot. This is a very rapid measurement, to be made with a measuring tape. Tree height will be 

measured using clinometers and tape to record the distance from each tree trunk. Crown size 

will be estimated using a compass and measuring tape. This will be done along two axes (NS, 

EW) giving a mean value for the crown size in each case. Detailed photography will be taken 

of a selected number of trees covering the size range, including scale bars, to provide 

comparison observations with 3D trees developed using modelling software. Post-burn, the 

same trees will be photographed to characterise the impact of the burn on leaf area, and 

damage/loss of branch and trunk. Lastly, a number of leaves will be removed and 

photographed on a white background, which will then be assessed via image processing for 

leaf size and shape.  

5.2.3.4 Radiometric measurements 

Reflectance measurements will be made over the understorey pre- and post-burn within each 

plot, along the same transects as the photography (every 10m), using the UCL ASD FieldSPec 

Pro handheld spectro-radiometer. The instrument measures reflectance (or raw radiance) from 

350-2500nm in 1nm intervals. Measurements will be made 1m above the understorey in raw 

radiance mode, with measurements of a calibrated Spectralon© white reference panel to 

enable reflectance to be calculated in post-processing. A field-of-view (FOV) of 21 will be 

used, giving a viewed area on the ground of approximately 40cm diameter. Multiple 

measurements will be averaged at each point along transects as for the hemispherical 

photography. Two people will be required for these measurements – one to carry the ASD and 

one to carry the reference panel, mounted on a tripod. A contact probe will be used to make 
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measurements of bark and leaf reflectance properties before and after the burn, for a range of 

burn severity. Measurements   

 

The ASD instrument will also be deployed by helicopter pre- and post-burn, to make 

measurements above the canopy. This will entail mounting the ASD head on a pole in order to 

extend it around 1.5m from the helicopter fuselage. Measurements will be made at around 10 

locations (GPS beforehand) within each plot from an altitude of 100m, giving a viewed area of 

around 40m diameter. This will require two people in the helicopter as described above for the 

photography – one to operate the ASD and one to take photographs. Reference panel 

measurements will be taken prior to takeoff and after landing. For each plot, around 10 

measurements will be made at approximately 30m spacing along the centre of the long axis of 

each plot. At each point, 20-50 spectra will be averaged depending on the illumination 

conditions (fewer for very bright illumination). In order to sample angular variation of 

reflectance the helicopter will be deployed at one or two plots several times over a given day, 

which will provide nadir reflectance measurements at several sun angles. Time permitting, this 

will be carried out 4 times for 4 different sun angles. The UCL team has experience of 

operating the ASD instrument in this configuration over forest canopies both in the UK and 

overseas (see figure below).  

 

 

Figure 66. Left: Deploying UCL ASD from helicopter in Abisko, Sweden; Right: 

deployment in Harwood forest, UK (Pictures: M. Disney) 
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5.2.4 During-Fire Measurements (Fuel Consumption, Fire Radiative 
Power and Smoke Plume Constituents) 

The purpose of this part of the field campaign is to provide measurements that maybe used to 

deliver the following information: 

 

 An assessment of the pre- and post-fire fuel loads available on each plot, as assessed 

by in situ field sampling. An estimate of the fuel consumed in each fire can therefore 

be made via the differencing of these measures. 

 

 A remote sensing-based measure of the fire radiative power, made via an airborne 

infrared thermal imaging system. This FRP measurement should be related to fuel 

consumption rates within the burn, and temporal integration of this FRP can then be 

related to the total fuel mass consumed (Wooster et al., 2005), 

 

 An analysis of UV and TIR spectral signatures after light transmission through the 

smoke plume, such that the primary smoke trace gas constituents and the flux rates of 

certain of these gases can be determined and related to the aforementioned fuel 

consumption rates. 

 

A suite of field instruments will be deployed during each experimental burn to provide these 

data, following the methodologies used in a prior KCL field campaign conducted during 2007 

in the same area of KNP. A list of the main equipment to be used is presented in Table 10, and 

methods for arranging instruments in the field, for data collection, and data analysis are 

outlined below. In addition to the Table 10 items, there will also be video cameras and a 

mobile, handheld smoke sampling apparatus that we will position downwind in the hope that 

the plume may intersect the ground at some point. Meteorological conditions will be recorded 

at each site at high temporal resolution using one or two portable, electronic weather stations 

capable of recording relative humidity, pressure, air temperature and wind speed and direction.  

All clocks will be synched to the GPS unit time.  Figure 67 illustrates the expected layout of 

the field instrumentation during each of the experimental burns. 

 

The fuel expected to be consumed in each plot is predominately composed of senesced grass, 

together with a certain amount of leaf and woody litter. These surface fuel loadings will be 

surveyed before and after the burn event to determine total fuel consumption. This will be 

conducted by clipping and weighing all material within a series of paired quadrats, taken every 

few meters along a 100 m transect located along the middle of each plot.  One of the quadrats 

in each pair will be clipped and weighed prior to the burn, and the other will be clipped and 

weighed after the burn.  Fuel moisture samples will be collected shortly before ignition by 

selecting a representative tuft of grass and measuring the wet weight with a digital balance 

immediately at the site. The fuel sample will then be oven dried at a later date, and the 

subsequent weight will be used to calculate fuel moisture content on a dry weight basis. 
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Figure 67. Expected instrument deployment during an experimental burn. 

 

One technician flown in a helicopter will conduct all airborne measurements using a handheld 

AGEMA 550 MIR imaging camera, with an accompanying small optical video camera 

attached (Table 1). The AGEMA 550 has a 320240 PtSi focal plane array (FPA), and each 

detector has a 1.1 mrad instantaneous field of view (IFOV), therefore to fit the entire length of 

the 370 m plot into the horizontal field of view (HFOV) the helicopter must fly at least 1100 

m AGL with the standard lens (and to more like 1500 m with some room for positioning 

error).  Use of our 40 degree FOV lens for this camera would reduce the flying height to ~ 600 

m.  Sequences of thermal imagery will be synchronized to a handheld GPS unit, and multiple 

thermal images captured from the helicopter every few seconds will provide measures that can 

be used to calculated the fire radiative power (FRP) and monitor it over the full fire duration.  

For this purpose the helicopter will hover above the plot for the duration of the fire. Since 

ground-based instruments will be arranged to measure the total mass flux of emissions from 

the entire fire area, and since measurements of energy release and smoke production must 

share the same experimental unit, the AGEMA 550 must also measure FRP emitted from the 

entire fire area as well. Small ~ 1 m diameter fires will be lit at each plot corner such that they 

will show up in the AGEMA 550 imagery and allow the operator to be sure the entire plot is 

within the instrument FOV at all times. The thermal image time-series will be analysed 

according to the procedure outlined in Wooster et al. (2005) in order to provide the FRP 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

146 

record over the duration of each fire, with the image pixel size required for the calculation 

being determined from the GPS-recorded location of the helicopter and the plot centre, such 

that line of sight distance and viewing zenith angle can be determined. 

 

One open-path Fourier Transform Infrared (FTIR) system, and two open-path UV Differential 

Optical Absorption Spectrometers (UV-DOAS) will be installed at ground level down wind of 

each actively burning plot (as shown in Figure 67). Instruments will always be located in the 

firebreak outside the plot, and particular placements of the sensors will be based upon (1) the 

alignment of the fire with the prevailing wind direction, and (2) the anticipated centreline of 

the plume. Though in the same vicinity, each instrument will be located separately along an 

individual line-of-sight oriented perpendicular to the plume transport direction. Each 

instrument will have an independent power supply, control system, and data logging 

capability, and therefore all clocks will again be manually synchronized to a handheld GPS 

unit.  

 

The FTIR (Figure 68) is a MIDAC open path air monitoring system comprising an FTIR 

spectrometer housed in a lightweight sheet metal casing, together with a 20‘‘ diameter 

parabolic IR lamp.  This system will be positioned a small way downwind of the smoke 

plume, such that some smoke will be advected between the spectrometer and the IR lamp 

(which will be placed perhaps 100 m or more apart, approximately perpendicular to the 

plume) and thus the spectrometer will be able to measure the effect of the smoke plume 

constituents on the lamps IR signal. From these measurements the main trace gas constituents 

of the plume can be identified through their characteristic absorption features, and their path 

length concentrations determined.  Gases such as CO2, CO, CH4 and formaldehyde will be 

targeted, together with potentially some of the oxides of nitrogen and sulphur.  Analysis will 

be undertaken following that described in Horrocks et al. (2001), using a forward modelling 

procedure in which an IR spectrum is simulated in specified frequency microwindows using 

the Reference Forward Model v4.0 atmospheric radiative transfer model, the HITRAN 

molecular spectroscopic database, and a background polynomial function. The fitting 

procedure that matches the forward-model spectrum to the measured spectrum is based on the 

Rodgers (1976) equation, and the full retrieval procedure is explained in detail in Burton et al. 

(2000). 

 

 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

147 

 

The UV-DOAS systems to be used in this work are the Ocean Optics USB4000 Differential 

Optical Absorption Spectrometer, with a spectral range of 280-422 nm and spectral resolution 

of ≈ 0.05 nm. The instrument is portable and lightweight, with dimensions 89.1 X 63.3 X 34.4 

mm and weight of only 190 g. For each fire, the DOAS UV spectrometers will be placed in 

two small coolers (adapted from an in car refrigerator) in order to keep them at an 

approximately constant and cool temperature to reduce noise. Each spectrometer will be 

connected to a laptop and telescope with a USB cable and optical fibre respectively. The 

telescope of one UV-DOAS will be positioned on the side of a vehicle, pointing to zenith, 

with the optical fibre passing through the car window and into the spectrometer (which was 

connected to the controlling laptop) inside the vehicle. The vehicle will traverse up and down 

below the plume throughout the duration of each fire (Figures69-70).  The second UV DOAS 

will either be positioned in a second vehicle, traversing the same path as the first but spaced 

out such as to increase the temporal sampling provided, or will be positioned directly below 

the plume in a stationary position but with a stepper motor scanner used to scan across the 

plume.  Targeted gases will be NO2, SO2 and possibly formaldehyde, which all have 

absorption features in this part of the UV spectrum. 

 

 

Figure 68. FTIR deployed in the field, observing ~ perpendicular to the plume 

direction of travel 
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The software to be used for applying the DOAS approach for retrieving gas concentrations 

from the measured UV spectra is `DOASIS' (Kraus, 2006). DOASIS uses a non linear least 

squares fitting procedure based on the Beer-Lambert law to match laboratory measured 

absorption cross sections to the field spectra and thus retrieving the smoke trace gas 

concentrations. The DOAS method works by depressing the influence of the broadband 

absorptions and changes to incoming radiation due to Rayleigh and Mie scattering, and 

focuses only on the narrow absorption features caused by trace gases.  The retrieval method is 

optimised with the use of gas cells of known concentrations of NO2 and SO2, which will be 

measured just before the fire starts. From the retrieved trace gas column densities the target 

gas fluxes will be calculated. Along with the retrieved column concentrations, the plume 

velocity and vehicle transect distance travelled between each spectral measurement are 

required for this calculation. The estimated plume velocity and direction will be obtained from 

the wind speed and direction measured by a weather station and/or by a video camera operated 

in the helicopter with the thermal infrared camera. The transect measurement distances will be 

taken form a GPS log of vehicle location made every 5 seconds.  

 

The cross sectional area of the trace gas column amounts for each traverse are calculated by 

multiplying each retrieved column total (molec/cm
2
) by the distance travelled perpendicular to 

the plume (m) between the acquisition of that spectrum and the next spectrum. These products 

are summed over the traverses resulting in the cross sectional area column totals. The values 

for each traverse are then multiplied by the mean wind speed (m/s) during each traverse, such 

that flux values of the gas under consideration are obtained in units of (g/s). For the case 

where the traverses are not perpendicular to the plume, the distances between measurements 

calculated as above need to be projected onto the plane perpendicular to the plume direction. 

Using the plume direction of travel, the angle between the plane perpendicular to the traverse 

direction and the plume direction can be calculated. This approach has been adopted 

previously in the analysis of volcanic plumes (e.g. McGonigle et al., 2007). 
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Instrument Quantity Description 

Spectral 

Range 

Dimensions 

(LxWxH) 

Weight 

(kg) 

Deployment 

Location 

Power Supply 

& Lifetime 

UV-DOAS 2 Spectrometer UV     Ground Battery (~9hrs) 

FTIR 1 Spectrometer NIR     Ground Battery 

AGEMA 

550 
2 

Thermal 

Imaging System 
MIR     Helicopter Battery 

WTX 2 Weather Station NA     Ground Battery 

GarminXL 2+ GPS Unit NA     
Ground & 

Helicopter 

Battery             

(~days) 

 

Table 10. Description of main instruments to be used in the field campaign during the 

experimental burns themselves 

 

 

 

Figure 69. Sketch showing the direction of the UV-DOAS measurement traverse with 

respect to the plume direction. (A) Shows the traverse direction perpendicular to the 

plume direction, whilst (B) illustrates the case where the traverse is not perpendicular to 

the plume direction. 
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Figure 70. Vehicle transect along the firebreak for the purposes of the UV-DOAS 

observations (note the vertically viewing telescope highlighted at left). 
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5.3 Field campaign: Kruger National Park, South Africa: Data 
Collected and Issues encountered 

The following section describes the field sites used during the ground measurement campaign 

as well as summarising the measurements made and the issues with data collection, including 

processing. It should be noted that a key constraint on data collection was the safety of 

fieldworkers i.e. the presence of game guards to protect against animal attack. Fieldwork 

could only be carried out in 2-3 groups at any one time, and groups could not separate more 

than 20-30m, particularly in dense vegetation cover. This limited the amount of measurements 

that could be carried out at any given time. 

5.3.1 Summary of plots, field days and measurements 

Due to weather and logistical constraints, measurements were carried out over 10 days at the 

two southern sites, Skukuza (25.1097S, 31.4172E) and Pretoriuskop (25.1639S, 31.234E). The 

two sites represent a precipitation gradient, with the plots at Pretoriuskop representing higher 

precipitation, lower grazing pressure and generally denser vegetation. The sites at Skukuza are 

drier with higher grazing pressure and hence sparser vegetation. A mix of wet weather meant 

that planned burns had to be changed at the last minute and ground measurements were altered 

accordingly. Figure 71 shows the two plots where all pre- and postfire structural, optical and 

thermal data were collected.  
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Figure 71. Top row: low-density plot at Skukuza (Napi), pre-burn (left); high-density 

plot at Pretoriuskop (Numbi), pre-burn (right). Bottom row: low-density plot, post-burn 

(left); high-density plot, post-burn (right). 

 

Plots at Skukuza i.e. Napi, N'watwishaka, site codes SNA (plot 5), SNW (plot 4) are identified 

as the lower density (LAI) plots. The vegetation cover is typically grass-dominated, with some 

mostly bare tree cover. These sites are dominated by the shallow-rooted deciduous 

Combretum species, in particular Combretumapiculatum (Red Bushwillow), 

Combretumhereroensis (Russet Bushwillow), Combretumzeyheri (Mixed Bushwillow). These 

trees make up a significant part of the total biomass, even though many of them lie 

horizontally after being felled by young elephants (pers. comm. N. Govender, SANParks). The 

Combretum species continue to grow even after being felled, often sprouting vertically. The 

total leaf cover is low. 

 

The remaining vegetation in October 2008, was made up of dry grasses of the order of 0.5-1m 

in height, and a small number of large, dense green Marula (Sclerocaryabirrea) trees. The 

Sclerocarya are deep rooted and hence act as a hydraulic and nutrient pump and remain green 

year-round, unlike the Combretum. Their deep root systems mean that they are rarely pushed 

over by elephants, but they are killed if they are. They also act to prevent fire spread due to 

their hydraulic action. Grazing lawns i.e. flattened grass caused by animal encroachment, also 
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act to prevent fire spread, as the flattened grass only burns partially or not at all. In practice, 

these lawns, and the corresponding animal paths marked through the plots, can make a 

significant impact on the amount of standing biomass available to burn on the plots. It was 

notable that during the experimental burns, these paths also acted as small firebreaks. 

 

Plots at Pretoriuskop i.e. Kambeni and Numbi, site codes PKA (plot 3) and PNU (plot 1) are 

designated as high vegetation density (LAI) here, providing a contrast with the SNA, SNW 

sites. The Pretoriuskop sites are dominated by Terminaliasericea (Silver cluster-leaf), a 

moderately large shrub-like tree (up to 4-5m high), mixed with Combretum. The level of 

herbivory is much lower (more leaf), and the Terminaliado not grow after being felled.  

 

A range of structural, radiometric and thermal measurements were made within each of the 

four plots, in order to characterise the pre- and post-burn canopy structure, radiometry and 

burn impact as well as contemporaneous measurements during each burn. The fieldwork 

schedule and measurement list is summarised in Table 11. 

 
Date Site and range of measurements made 

26/10/2008 Pre-fire structural and ground measurements for plots SNA and SNW including multiple transects of tree 

measurements, hemispherical photography, LAI, pre-fire fuel load. 

27/10/2008 Pre-fire structural and ground measurements for plot PKA including multiple transects of tree 

measurements, hemispherical photography, LAI and ground radiometry (grass cover, soil leaf and grass 

component reflectance), pre-fire fuel load. 

28/10/2008 Pre-fire structural and ground measurements for plot PNU including multiple transects of tree 

measurements, hemispherical photography, LAI and ground radiometry (grass cover, soil leaf and grass 

component reflectance), pre-fire fuel load. 

29/10/2008 Pre-fire helicopter radiometry and photography for SNA, SNW, PKA and PNU. 

30/10/2008 Burn at SNA and SNW, including all ground thermal and DOAS measurements, helicopter thermal 

measurements. 

31/11/2008 Postfire helicopter radiometry and photography for SNA, SNW, ground-based photography. 

02/11/2008 Rain/rest. 

03/11/2008 Pre-fire helicopter radiometry and photography for PKA, PNU, ground-based photography. 

Table 11 Summary of measurement schedule during fieldwork, 2008. 

 

5.3.2 Optical-related data 

5.3.2.1 Tree structural measurements 

Tree inventories were carried out within each plot, comprising multiple transects (typically 2-

3) of the length of the plots (between 150 and 250m), counting all trees within 1m either side 

of the transect, with photographs of each tree, as well as height measurements, diameter at 

breast height (DBH, diameter at 1.3m above the ground) for standing trees, tree height, and 

crown size and photos of trees (with scale) from the side, as well as leaf area index (LAI) 

measurements where possible. Notes were made of the number of fallen trees encroaching 

within each transect. This was found to be the most practical way of tree counting given the 

large amount of trees in the plots (100s to 1000s). Each transect required 3 people minimum, 

with one following a specified compass heading along the transect, a second measuring the 

distance to trees within the transect and a third making hemispherical photographs at the same 
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locations along the transect. Where possible, LAI measurements were also made at the same 

locations. 

 

Table 12 shows a summary of the various tree height measurements and numbers of fallen 

trees used to parameterise the 3D plant model structures. It should be noted that the DBH is 

only noted, as this will have a very small impact on the resultant reflectance.  

 

Site, Transect No. in transect, 

no. fallen 

Height 

(mean, ), m 

Crown diameter 

(mean, ), m 

Tree density 

(ha
-1

) 

SNA, T1 12, 8 5.02, 0.64 3.01, 1.42 600 

SNA, T2 17, 2 4.7, 1.11 2.51, 0.86 850 

SNW, T1 14, 5 3.78, 1.24 2.73, 1.66 700 

SNW, T2 15, 10 4.06, 1.01 3.81, 1.39 750 

PKA, T1 22, 1 4.92, 1.17 2.94, 0.86 1100 

PKA, T2 24, 0 5.50, 2.35 2.64, 1.06 1200 

PNU, T1 + T2 33/32, 2 4.91, 2.55 2.78, 1.24 1650 

Table 12 Tree transect information. 

Figure 72 shows an example of the type of tree cover seen in the plots. Figures 73-76 show a 

subset of photos accompanying the tree measurements made in the plots, for the transects used 

for structural measurements in each case. The contrast between the density of trees and the 

height of the understorey (grass and shrubs) can be clearly seen in the difference between the 

SNA, SNW (low density) and PKA, PNU (higher LAI) plots. The proportion of grass cover 

along with the tree crown density, are likely to be the primary characteristics controlling the 

scene reflectance in practice. The variation in tree crown density and grass cover will vary the 

amount of exposed bright soil (pre-burn) or dark soil and charred vegetation (post-burn). 

 

Each plot is approximately 4.5 ha and as a result, the tree density (in trees per ha) ranges from 

600 to 1650. The mean tree density for the low- and high-density plots are approximately 700 

and 1300 ha
-1

 respectively. These values are used to define the range of variability of density 

for the sensitivity analysis of canopy gap fraction discussed below. The number of fallen trees 

is also used to determine the fallen trees when combining the tree and grass 3D model 

information, to produce scenarios modelling the observed scenes. 
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Figure 72 Examples of collection of transect information from plots. Left: SNA plot, 

showing relatively low density of primarily Combretum species, dry grass and shrub 

cover (the disc pasture meter can be seen in the image); right: the PNU plot showing the 

much denser, taller coverage of Combretum and taller grass. 
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Transect 1 Transect 2 

  

  

  

  

  

  

  

Figure 73 Tree structure images from SNA plot 5 (26/10/2008) transects 1 and 2. 
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Transect 1 Transect 2 

  

  

  

  

  

  

  

Figure 74 Tree structure images from SNW plot 4 (26/10/2008) transects 1 and 2. 
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Transect 1 Transect 2 

  

  

  

  

  

  

  
Figure 75 Tree structure images from PKA plot 3 (27/10/2008) transects 1 and 2. 
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Transect 1 Transect 2 

  

  

  

  

  

  

  

Figure 76 Tree structure images from PNU plot 1 (28/10/2008) transects 1 and 2. 
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5.3.2.2 Hemispherical photographs (hemiphotos) 

 

Upward and downward-looking hemiphotos were taken along the same transects as the tree 

structural measurements and LAI measurements, at the same points in each case (marked by 

GPS location). The hemiphotos were recorded using a Canon EOS-5D full frame digital 

camera, with f-stop bracketing used at each point, giving three frames with maximum contrast 

between the canopy and background (sky in the case of upward-looking hemiphotos; soil in 

the case of downward-looking hemiphotos). 

 

A selection of the hemiphots (those with best contrast between canopy and sky/ground) were 

processed to provide estimates of LAI using the CanEYE software developed at INRA, 

Avignon, France (http://147.100.66.194/can_eye/). Upward-looking hemiphotos were 

processed to give estimates of LAI and canopy gap fraction. This last property is an important 

one for simulating the radiation regime as it determines the amount of visible understorey and 

soil within a given simulation. Upward-looking hemiphotos were taken above and below the 

understorey (grass) in some cases, particularly in the higher LAI plots (PKA, PNU). In these 

cases, the estimated LAI is given for the above and below understorey cases, which allows a 

separation of the estimated canopy LAI into that from the grass and that from the tree cover. 

Downward-looking hemiphotos were used to estimate the amount of canopy cover/visible soil 

within the scenes. These images were (inevitably) more difficult to classify into 

canopy/background due to shadowing and the lack of contrast between the soil and dry grass 

(particularly compared to the upward-looking cases with the sky background). Figures 77 and 

78show examples of downward and upward looking hemiphotos, illustrating the contrast 

between the canopy and background in each case. 

 

The hemiphotos provide a further check on the cover simulated in the 3D models. In addition, 

the 3D modelling has been used to simulate the hemispherical photographs (see below). Gap 

fraction from the simulations was compared with that estimated from the hemiphotos to give a 

separate check on the 3D model structural validity.  
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BELOW ABOVE 

  

  

  

Figure 77 Left column: upward-looking hemiphotos taken at the bottom of the 

understorey (plot PKA), showing understorey and overstorey vegetation and Combretum 

tree canopy; right column: upward-looking hemiphotos taken above the understorey 

from the same locations (plot PKA), showing just overstorey vegetation (Combretum tree 

canopy in this case). 

 

SNW PKA 

  

  

Figure 78 Downward-looking hemiphotos showing the understorey vegetation and soil 

background. Left column: low-density plot (SNW); right column: high-density plot 

(PKA). 
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It is straightforward to determine the canopy cover from the 3D models (see below), and this 

is an important point of comparison during the 3D model validation process. However, given 

that canopy cover is often close to 100%, this does not provide information on the amount of 

standing biomass, which was estimated from the disc pasture measurements. 

5.3.2.2.1 Upward-looking hemiphotos 

A selection of the upward-looking hemiphotos from each plot was processed using the 

CanEYE software. Hemiphotos were selected for processing based on maximum contrast (a 

maximum of 20 at a time and limited in resolution by the RAM available for processing). 

CanEYE automatically segments the viewed area in each image (depending on the lens field-

of-view or a defined viewed area) into azimuthal and zenithal bins of pre-determined size. The 

CanEYE algorithm then essentially classifies the image(s) into vegetation and non-vegetation 

using user-defined inputs. The user can mask out features likely to cause difficulties in 

classification, such as the sun in upward looking hemiphotos, or errors due to the user being in 

the frame where hemiphotos have been taken from ground level. The limitations of the 

software impose constraints on processing, in particular the choice of azimuth and zenith 

resolution at which processing is carried out. The hemiphotos were subsampled by a factor of 

3 here, and zenith and azimuth bins of 5 and 10 respectively were used. The lower the image 

resolution and/or the larger the angular bins the more likely it is that gap fraction will be 

overestimated and the corresponding LAI (in fact plant area index or PAI) will be 

underestimated due to smaller leaves and branches being left out of the analysis. However, 

large image size and fine angular bins make processing very time consuming as only 1 or 2 

images can be processed at a time.  

 

Contact frequency is defined as the probability that a ray of light (or a physical probe of 

infinitesimal width) penetrating the canopy will come into contact with a vegetative element 

by the time it has penetrated some reference height (usually the canopy height, h) through the 

canopy. Gap frequency is the converse of contact frequency, i.e. the probability that a ray of 

light penetrating the canopy will not come into contact with a vegetative element until it 

reaches h. Gap fraction is the integrated value of the gap frequency over a given angular 

domain, and is what can be estimated from hemiphotos by analyzing the angular occurrence of 

vegetated and non-vegetated elements in the hemisphere above a point on the surface. This is 

equivalent to measuring transmittance at ground level through the canopy, assuming 

vegetative elements can be assumed black. The CanEYE processing is based on various 

relatively simple assumptions relating LAI to the canopy leaf area density l(h) as follows 

 



LAI l h dh
0

H

           (6.1) 

 

whereh is the vertical distance through the canopy. Following Warren-Wilson (1959 and Ross 

(1980), the CanEYE algorithm assumes a random spatial distribution of infinitely small 

leaves. In this case a Poisson model for relating the gap fraction P0(v, v) at view zenith angle 

v and azimuth angle v respectively, to the theoretical contact frequency N(v, v) (i.e. the 

number of contacts a ray of light would make with vegetation as function of penetration 

through the canopy), can be used as follows: 
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P0 v,v  eN  v ,v   e
G v ,v LAI/ co s(v )       (6.2) 

 

where G(v, v) is the leaf projection function i.e. the mean projection of a unit foliage area. 

This formulation assumes that G(v, v) is independent of height h in the canopy. Following 

Nilson (1971), the gap fraction can be shown to exponentially related to LAI, even in cases 

where the turbid medium assumption underlying the Poisson model are not met, through the 

inclusion of a canopy clumping parameter 0 (<1) describing the non-random nature of the 

canopy structure i.e. 

 

         (6.3) 

 

In this case the effective LAIeff, that which can be estimated from indirect (hemiphoto) 

methods, is then 0LAItrue, where ―true‖ LAI is that measurable directly e.g. via destructive 

sampling. 

 

CanEYE allows calculation of the canopy gap fraction, the mean cover fraction (the 

proportions of canopy and non-canopy elements in each image) as well as the true and 

effective LAI values. An example of the CanEYE analysis is shown in Figure 79. These 

values as calculated from hemiphotos are shown for the various sites and configurations, pre- 

and postfire, in  Table 13. LAI in this analysis is in actual fact plant area index (PAI) i.e. the 

total amount of occluding material in each scene including leaf and woody material. 

 

   

Figure 79 Selected hemiphotos (left) from site PNU (pre-fire); the same image classified 

into vegetation and non-vegetation (centre); canopy gap fraction as analysed by CanEYE 

(right). 

 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

164 

 

Site, date Gap fraction 

(mean, ) 

LAItrue LAIeff 

SNW 26/10/2008 prefire, upward (ABOVE) 0.94, 0.05 0.22 0.18 

SNW 26/10/2008 prefire, downward 0.39, 0.07 1.23 0.30 

SNW 01/11/2008 postfire, upward (ABOVE) 0.96, 0.03 0.14 0.08 

    

SNA 26/10/2008 prefire, upward (ABOVE) 0.93, 0.06 0.09 0.06 

SNA 26/10/2008 prefire, downward 0.45, 0.07 1.03 0.03 

SNA 01/11/2008 postfire, upward (ABOVE) 0.94, 0.03 0.09 0.06 

    

PKA 27/10/2008 prefire, upward (BELOW) 0.60, 0.04 1.70 0.42 

PKA 27/10/2008 prefire, upward (ABOVE) 0.93, 0.02 0.22 0.14 

PKA 27/10/2008 prefire, downward 0.17, 0.02 2.87 1.65 

PKA 03/11/2008 postfire, upward (BELOW) 0.93, 0.05 0.16 0.12 

    

PNU 28/10/2008 prefire, upward (BELOW) 0.73, 0.05 1.01 0.44 

PNU 28/10/2008 prefire, upward (ABOVE) 0.90, 0.04 0.28 0.22 

PNU 03/11/2008 postfire, upward (BELOW) 0.92, 0.03 0.2 0.06 

Table 13Canopy structural parameters estimated from hemispherical photography. 

 

Values of gap fraction and derived LAI in Table 13 labeled BELOW/ABOVE are collected 

from upward-looking hemiphotos (LAI

) taken below/above the understorey canopy 

respectively (see above). The difference between these values is effectively the LAI due to the 

overstorey. The downward-looking values (LAI

) are derived from classifications of 

downward-looking hemiphotos (see examples above) and represent the gap fraction and LAI 

of the understorey. So there are effectively two ways to assess the understorey LAI i.e. by the 

difference between LAI


above and LAI


below, or from LAI


above alone. So fromTable 13 and 

assuming that LAItrue, total = LAI


above + LAI


aboveit can be seen that the prefire LAI of the 

sparse sites (SNW, SNA) is 1.45 and 1.12 respectively. Given that the understorey LAI is 

effectively zero in most places postfire, there was very little change in the (already low) 

overstorey LAI at both plots. The loss of understorey LAI is effectively therefore 1.23 and 

1.03 respectively.  

 

At the dense sites (PKA, PNU) and assuming LAItrue, total = LAI


above + LAI


aboveprefire LAItrue 

is 3.09 for PKA (no downward photos were available for PNU due to the height of the 

understorey being > 1.5m in most places). If LAI is calculated from the upward-looking 

hemiphotos only i.e. LAItrue, total = LAI


belowthen LAItrue, total is 1.7 for PKA and 1.01 for PNU 

prefire, with overstorey LAI being 1.48 and 0.73 respectively. Postfire, understorey LAI is 

again close to zero, indicating a loss of LAI of 2.87 at PKA from the LAI


aboveprefire values. 

Using the LAI

values only however, the reduction in LAI is much smaller. There is a small 

reduction in overstorey LAI in these plots i.e. by 0.05 for PKA and 0.08 in PNU.  
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It should be noted that the LAI

values are probably an over-estimate, due to the difficulty of 

separating background (soil) from dense shadowed vegetation (see figures above) and the 

general lack of contrast due to the high % cover.  

 

These gap fraction values are used to analyse the range of tree and grass density/LAI values to 

use in the 3D simulations, described in section 8. 

5.3.2.2.2 LAI measurements 

LAI measurements were made with two LiCor LAI2000 Plant Canopy Analyser instruments 

(LiCor Inc.) in master/slave mode. Due to the large understorey and presence of trees and 

shrubs, obtaining above canopy measurement along transects was impractical. So one 

instrument was mounted in a clear space away from the plot, continuously monitoring 

downwelling irradiance, while one instrument was used to collect 5 measurements at 10m 

intervals along transects through the plots. In addition, due to time and weather constraints it 

was not always possible to make measurements at dawn/dusk, so where illumination 

conditions were not overcast, a 90 solar occlusion lens cap was used on both instruments. All 

measurements within the canopy were made with the sun behind the user. Figure 80 shows 

examples of the issues of measuring the LAI in this environment. The left-most panel shows 

the slave LAI unit mounted on a tripod, with the sun obscured using a 90 lens cap.  

 

  

Figure 80. Configuration of LAI instruments during measurement: left panel shows 

slave instrument measuring irradiance, with a 90 lens cap to avoid direct solar 

irradiance; right panel shows the master unit being used in the SKA plot. 

 

Figure 81 shows examples of the LAI variation along individual transects. Table 14 shows the 

mean LAI plus 1 for the four experimental plots. 
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Site LAI (mean, ) 

SNA/SNW 1.02, 0.51 

PKA/PNU 3.15, 1.06 

Table 14 LAI measurements from the various plots. 

 

These estimates of LAI are in reasonable agreement with the hemispherical photography 

shown above (i.e. 0.5-1.5 for SKA, SNU and 2-4 for PKA/PNU). Perhaps the most likely 

cause of differences (particularly the upward-looking hemiphotos from the bottom of the 

canopy) is due to the LAI2000 instrument being placed much lower in the canopy. The 

instrument head can be placed on the ground, only 1-2cm above the surface. For the upward-

looking hemiphotos the lens is approximately 20-30cm above the surface and given the large 

amount of grass cover at low level, the estimates from hemiphotos will be an underestimate of 

low-level understorey LAI. Another issue is that the assumptions of the instrument are to some 

extent violated for measurements made with direct illumination. Although this was minimised 

as far as possible by measuring with two instruments in master-slave configuration, by 

masking out the sun using an occluding lens cap, and by making measurements with the sun 

behind the operator at all times, there was still likely to be significant direct 

illumination/scattering during measurements.  

 

 

Figure 81 LAI measurements made along transects combining measurements in both 

high (Pretoriuskop) and low (Skukuza) density plots in each case. 

 

Disc pasture meter measurements of the amount of standing grass biomass along transects 

through the plots prior to burning were taken at 10m intervals along transects through the 

plots. These measurements can be calibrated (by cutting and weighing the disk covered grass) 

to give a measure of the amount of grass material covering a known area of ground. This is 

perhaps the only way to obtain a direct measure of the standing grass biomass. These 

measurements will be used to further refine the grass distributions in the 3D models as they 

indicate the amount of biomass contained within a given volume (known height and basal 
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area), unlike the indirect measurements made using the LAI2000 instruments or inferred from 

the hemiphotos.  

5.3.2.2.3 Component reflectance measurements 

Measurements of the spectral reflectance of the various canopy components (leaf, bark, soil) 

were made using an ASD FieldSpec Pro Spectroradiometer (ASD Inc., Boulder, CO, USA). 

The instrument measures in the range 350-2500nm, but with a practical useful range of 400-

2500nm due to instrument noise at either ends of the wavelength ranges. For measuring scene 

component reflectance, the instrument was used with the contact probe, or with the leaf clip 

attachment. In the former case, a self-contained light source and field-of-view is attached to 

the instrument bare fibre. The probe is placed against the target and the reflectance is 

recorded, relative to that of a calibrated white spectralon reflectance panel (NERC Field 

Spectroscopy Facility, University of Edinburgh). The contact probe and leaf clip are shown 

below.  

 

  

Figure 82 The ASD contact probe (left) and with leaf clip attachment (right) (images 

from http://www.asdi.com/products-accessories-hicp.asp). 

 

Example spectra measured for characteristic scene components are shown below. These are 

the spectra that are used in the 3D simulations models described in section 7. 

http://www.asdi.com/products-accessories-hicp.asp
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Figure 83 Example spectra collected using a contact probe attached to an ASD FieldSpec 

Pro spectroradiometer at Kruger Park, 26 and 27/10/2008, used in the 3D modelling. 

Left: pre- and post-burn tree bark and soil reflectance; right: pre-burn shrub leaf, green 

tree leaf (Sclerocarya) and dry grass. 

 

The reflectance components are used in the 3D simulated scenes as follows: 

 

 Soil: bright soil spectra for pre-burn scenes; dark soil used for post-burn scenes 

(mixture of blackened grass and ash). 

 Bark: dry bark used for all woody Combretum, Marula and shrub components (branch, 

trunk, bough); burnt bark used for all post-burn woody components; 

 Leaf: shrub leaf used for all shrub leaves; green leaf used for tree leaves; dry grass 

used for all grass components. 

5.3.2.2.4 Above-canopy reflectance measurements 

Above canopy reflectance measurements were recorded using the two ASD instruments in 

dual radiance/irradiance mode, one on the ground located approx 1km from the measured 

plots (measuring downwelling irradiance), and one on located in a helicopter and operated 

from an altitude of approx 100m above the sites (measuring upwelling radiance). In this dual 

mode, the flying ASD instrument head was mounted on a 1.3m boom and co-located with a 

web-cam (calibrations were carried out to ensure the ASD and web-cam were looking at the 

same location at a distance of ~100m). Measurements were made with both instrument sat 

1Hz, effectively collecting continuous estimates of the radiance/irradiance over the target 

sites. Flights were made at an altitude of 100m agl, marking transects across the sites as far 

possible separated by about 20m, flying at a velocity of ~15ms
-1

. The ground-based instrument 

was located on a tripod, with the field-of-view (FOV) viewing the central region of a 

calibrated Lambertian reflectance panel, and is thus measuring raw downwelling irradiance 

i.e. relative to the instrument and panel calibrations. All instruments and panels were 

calibrated prior to field measurement by the NERC Field Spectroscopy Facility (FSF, 

http://fsf.nerc.ac.uk). The FOV for the ground-based instrument viewing the calibrated 

reference panel (irradiance measurement) was 8. For the helicopter-mounted instrument 
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measuring radiance, a 5 FOV was used. At a flying altitude of 100m this corresponds to a 

footprint on the ground of approximately 10m diameter.  

 

The collection of helicopter data was carried out on three days (see Table 11) 29/10/2008 

(prefire all 4 plots), 31/10/2008 (postfire SNA, SNW) and 03/11/2008 (postfire PKA, PNU). 

Illumination conditions were not ideal on any of the three days. For 29/10/2008, conditions 

were sunny but with broken, moving cumulus cloud. This meant that illumination conditions 

could be different between the two ASD instruments. This was noted during data collection 

and these measurements removed during post-processing as far as possible. For 31/10/2008 

overhead conditions were mostly cloudy, so although the illumination was more stable, it 

meant the angular component of the measured reflectance was weaker (i.e. more directional-

hemispherical (diffuse illumination) rather than bidirectional). Conditions on 03/11/2008 were 

bright and mostly clear. 

 

Figure 84 shows an example of a flight path measured via GPS from 29/10/2008, showing the 

flight out to and from the site (left) and a zoom of the transects flown over the SKA site during 

radiance measurements. Note the altitude (vertical axis) is asl, not agl and the sites are 

approximately 300-400 asl. 

 

 
 

Figure 84 GPS tracks of a helicopter flight path to/from the SKA and SNW sites (left) 

and a zoom of one of the flight patterns over a site during spectral measurements 

(located in the centre of the left hand plot). 

 

To process the helicopter-measured above-canopy spectra, all radiance and irradiance 

measurements were processed from raw DN values to calibrated values using the instrument 

calibrations for the selected instrument FOVs in each case (provided by FSF) and, in the case 

of irradiance, the panel calibrations (and accounting for the Lambertian cosine weighting). 

Following this, the radiance and irradiance measurements were matched in time using the 

instrument time stamps in each file (generated by the controlling PC). The PC clocks were 

synchronised to GPS time at the start of each day and at the start of each set of site 

measurements the clock times were noted against a GPS time stamp to account for drift. In 

practice the clocks were stable to within a few seconds for a few hours, but not from day to 

day following shutdown/reboot. For each radiance measurement, the closest matching 
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irradiance measurement in time was selected and reflectance was calculated by dividing 

radiance by irradiance. 

 

Figures 85-88 show example spectral variation of the various plots pre- and post-burn, in the 

form of the variation of NDVI calculated from the reflectance spectra across the plots at each 

measurement point. The values of NDVI are typically higher in the higher density plots with 

much greater variability. The lower NDVI values in Figure 85 reflect the largely bright soil 

and dry vegetation cover. 

 

 
 

Figure 85 Pre- (left) and post-burn (right) variation of NDVI across the low density SNA, 

SNW plots. 

 
 

Figure 86 Pre- (left) and post-burn (right) variation of NDVI across the high density 

PKA, PNU plots. 

 

Figure 87below shows helicopter measured canopy reflectance spectra for the low density 

(SNA, SNW) plots pre- and post-burn. Figure 88shows the helicopter-measured spectra for the 

high density (PKU, PNU) plots pre- and post-burn, where some of the variation comes from 

the fact that these measurements were made at different times through the day (and hence 

different sun angles). 
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Figure 87Mean (and 1SD) helicopter-measured reflectance spectra processed from 

separate radiance and irradiance measurements over the SNA, SNW (low density) plots, 

pre-burn (left) and post-burn (right). 

 

 
 

Figure 88Mean (and 1SD) helicopter-measured reflectance spectra processed from 

separate radiance and irradiance measurements over the PKA, PNU (high density) plots, 

pre-burn (left) and post-burn (right). 

 

It can be seen from Figure 87that the magnitude of reflectance is approximately the same in 

the pre- and post-burn cases for the SNA, SNW plots, but that the variation is a lot larger in 

the post-burn case. This is due to there being large contrast between the burned and unburned 

areas (see Figure 71). The reflectance of the PKA, PNU plots is lower, due to the higher 

vegetation coverage and greater proportion of green vegetation as well as high tree cover, 

leading to greater shadowing over the site (also apparent in Figure 71).  
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5.4 Thermal Emission and Smoke Plume Analysis 

5.4.1 In situ fuel consumption 

Fuel loads on the four plots differed, particularly in the relative proportions of grass and 

woody material, though the amount of litter per m² was relatively constant amongst the four 

plots (Figure 89).  Kambeni (PKA) showed by far the highest grass fuel load, which is the 

majority fuel that was expected to carry the fire. 

 
Figure 89. Pre-fire fuel load in each of the four plots burned during the field campaign. 

(Kambeni = PKA: Pretoriskop; Napi = SNA: Skukuza; Numbi = PNU: Pretoriskop; Nwasw =  N'watwishaka: 

Skukuza) 
 

Total fuel consumption (Table 15) was estimated from the differencing of the pre-fire fuel 

load data shown in Figure 89 and the matching post-fire load information. 
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Plot Fuel Consumption (g/m²) 

Kambeni (PKA) 879319 

Napi (SNA) 331157 
Numbi (PNU) 50784 

Nwasw (SNW) 412130 

Table 15. Estimated fuel consumption on each plot calculated via in situ sampling. Data 

processed by collaborator S. Archibald (CSIR Natural Resources and the Environment). 

5.4.1.1 Fire Radiative Power 

Helicopter GPS data, thermal camera imagery and matching optical video were obtained for 

each of the four plots burned (Figures 90 and 91).  The thermal imager used was an AGEMA 

550 MIR (3 – 5 µm) imaging system, measuring at 5-second intervals over a 40° x 30° field of 

view. A 3.9 µm narrow bandpass filter was fitted, allowing the fire-emitted thermal radiation 

to be recorded without saturation across the imagers 320 x 240 pixel array at a ground pixel 

size of between ~ 1.5 – 2.5 m, depending upon flying height.  Pixel size was calculated using 

GPS-based measurements of the viewing distance and viewing angle from the helicopter to the 

plot, and per-pixel measurements of FRP calculated using the measured thermal signals 

according to the MIR radiance method of Wooster et al. (2003).  For each IR imaging frame, 

the FRP for all detected fire pixels were summed to provide an FRP measure appropriate to all 

combustion in the plot occurring at that point in time, and a timeseries generated by this 

method was produced at 5-sec intervals.  Full details of the FRP measurement approach are 

given in Wooster et al. (2005) and Freeborn et al. (2008).  The optical imaging system used 

was a standard digital video camera, and individual frames could be collected from the video 

record for subsequent analysis.  

 

The FRP data for each fire were spatially and temporally integrated to give a measure of the 

total fire radiative energy (FRE) emitted for each plot.  Figure 92 indicates the initial 

relationship obtained between this FRE value (MJ) and the fuel consumption, deduced from 

the 2008 South Africa fires and similar experiments conducted in the prior and subsequent 

years.  A relationship between these two variables is clearly apparent, though with large 

uncertainties on the in situ fuel consumption measures and some potential low-bias on the 

FRE estimates due to the MIR imaging system used not being able to measure pixel brightness 

temperatures below ~ 473 K (which may result in some pixels only partially filled by fire not 

being able to be detected as fire affected due to a inadequately raised pixel brightness 

temperature). 
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Figure 90. Helicopter GPS data of one example plot, used to calculate line of site distance 

and view elevation angle – and thus pixel size of the thermal infrared camera imagery. 
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Figure 91. Matching optical and thermal video taken from the helicopter hovering over 

the plot during one of the experimental burns. 

 

 

Figure 92. Relationship between estimate of total Fire Radiative Energy (MJ) emitted 

from each burning plot, as calculated from the MIR camera imagery, and the in situ fuel 

consumption estimated from ground sampling.  Data from the Kruger Park fires of 2008 

are shown (SA08), along with fires in the same locations in 2007 (SA07) and results from 

additional 1 ha fires conducted in northern Australia under similar conditions (AUS09).  

Error bars on the South Africa results come from standard deviations on the in situ fuel 

consumption estimates. 
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5.4.1.2 DOAS 

DOAS data were also obtained for each of the four plots burned (Figure 93).  The column 

amounts for NO2 were retrieved using the FLYSPEC approach (Elias et al., 2005) that makes 

uses of spectra from calibration gas cells containing known concentrations of SO2 (450, 905 

and 950 ppmm) and NO2 (70, 100 and 130 ppmm) taken immediately before and after each 

fire. These spectra were subsequently used in the retrieval process of the in-plume pathlength 

concentrations of the target gases. During the gas cell measurements, 'dark' spectra were 

collected by covering the FOV of the telescope in order to measure the instrument noise. 

These dark current spectra are also required for the retrieval process. 

 

The measured spectra are initially pre-processed as detailed below. 

 

1. Spectra are co added to reduce noise.  

2. A dark spectrum is subtracted to remove instrumental noise. 

3.The spectra are normalized using a 'clear sky' spectrum. 

4.High and low pass filters are applied. The high pass filter reduces the change in intensity 

with wavelength due scattering in order to isolate the absorption features of the target gas. The 

intensity fluctuations due to scattering vary relatively slowly with wavelength compared to the 

absorption features of the target gas (Platt and Stutz, 2008).  A low pass binomial filter is 

implemented to each spectrum for smoothing purposes, reducing the amplitude of 

signalsabove a certain frequency. 

5. Absorbance is calculated by taking the negative logarithm of eachspectra. 

 

 

 

 

 

 

 

 

 

Figure 93. Kambeni plot with the DOAS traverse 

direction shown 
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Steps 1-5 are applied to both the gas cell and plume spectra. Following this, thedifference 

between the absorbance values of several measurement peaks and neighbouring troughsare 

calculated for each of the gas cell spectra, as in Figure 94. A quadratic is then fit against the 

resulting ―peak – trough‖ difference and the known concentrations of the gas cells (Figure 95). 

 

 

 

Figure 94. An example of “peak and trough” spectral features caused by gas absorption 

in two spectra collected through plumes of differing gas concentrations. 

 

Figure 95. An example of a fitted polynomial of three “peak – trough” absorption feature 

differences derived for spectra collected using gas cells of three different concentrations.  

Each polynomial is derived using a different peak and trough wavelength, an example of 

which is shown in Figure 94. 

 

The fitted polynomial (e.g. Figure 94 examples) is subsequently applied to the peak and 

trough absorption differences from the plume spectra, thus returning the trace gas 

concentrations. The retrieved concentrations derived using each ―peak and trough‖wavelength 

combination (e.g. the three shown in Figure 95) are then averaged to calculate the end column 
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amount for the target gas (Elias et al., 2005).  A non-plume background spectrum was also 

included in the retrieval method (with the assumption of zero SO2 and NO2out-of-plume 

concentration). 

 
Flux rates of SO2 and NO2 were computed using the retrieved column densities provided by 

the spectral analysis detailed above, together with the plume velocities and distance travelled 

between each spectral measurement.  A GPS log of the vehicle position was applied to return 

the measurement distances. Wind speed data from a weather station at ground level 

(approximately 2 m high) was used to produce an estimate of the plume speed via the log wind 

profile (Arya, 1998). The plume direction was observed using visible imagery of the fire taken 

in sync with the MIR thermal camera operated in a helicopter. To calculate flux rates we also 

need to consider cases in which the traverses are perpendicular or non-perpendicular to 

theplume transport direction (Figure 96). 

 

 

 

Figure 96. The direction of the measurement traverse with respect to plume direction, 

with the traverse direction (A) perpendicular to the plume direction of travel, and (B) 

not-perpendicular. 

 

 

In the case of (A) the flux rates are calculated using: 

 

  

       (5.3) 

 

where is the flux rate (g/s) for traverse i,  and (m) are the 

columndensities and distance for measurement jand (m/s) is the plume speed for traverse i. 
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(g/mol)and are the molecular weight of the target gas xand Avogadro‘s Constant 

respectively, used to convert molecules to grams.  
 

Now consider the case where the traverses are not perpendicular to the plume (Case B in 

Figure 96). It is necessary to project the distances between measurements onto the plane 

perpendicular to the plume direction. To do this, the angle between the plane perpendicular to 

the traverse direction and the plume direction needs to be computed. Ais the distance between 

two measurements (in vector form) along the traverseand is its projection onto the plane 

perpendicular to the plume (in vector form). See Figure 97 for an example. This approach was 

adopted previously in the analysis of volcanicplumes (e.g. McGonigle et al., 2003; 

Oppenheimer et al. 2004; McGonigle et al., 2005; McGonigle,2007). 

 

 

 

 

 

Figure 97. Projection of vector A, representing the distance between two measurements 

along the traverse, onto the plane that is perpendicular to the plume travel direction. 

 

The flux rates of SO2 and NO2can subsequently be applied to estimate the flux rates of any of 

the trace gas species detectable via the FTIR, providing that SO2or NO2 can also be detected 

by the FTIR in order to calculate the necessary emissions ratio. Flux rates are also able to be 

compared with simultaneous Fire Radiative Power (FRP) measures determined via airborne 

thermal imaging, since this is also believed to be directly related to the rate of biomass 

combustion(Wooster  et al., 2005). 
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5.4.1.3 FTIR 

IR spectra of each fires smoke plume was collected over a long-pathlength using an OP-FTIR 

Air Monitoring System (MIDAC Corporation, Irvine, CA), equipped with a Sterling-cycle 

cooled mercury-cadmium-telluride (MCT) detector to avoid the requirement for liquid 

nitrogen. The spectrometer was pointed at the distant IR source, which was comprised of a 

1275 °C silicon carbide glower located at the focus of a ~ 50 cm gold plated aluminium 

reflector.  The spectrometer and IR source were positioned 150 m or more apart and 

downwind of the fire such that the horizontally advected smoke plume filled a significant 

fraction of the open path. 

 

The FTIR spectrometer records IR interferograms (IFGs), which are converted to single beam 

(SB) IR spectra using the standard techniques of FTIR spectroscopy (e.g. Smith et al., 1996).  

A spectral resolution of 0.5 cm
-1

 was desired to best resolve the trace gas absorption bands.  

This resolution resulted in a single scan IFG acquisition time of just over one second.  The 

need for co-adding of interferograms to increase signal-to-noise is dependent primarily upon 

instrument noise, gas absorption coefficient strength and species pathlength concentration, and 

with the long pathlengths and relatively low noise obtained we were able to limit co-adding to 

8 scans in order to maintain a high temporal resolution and large numbers of observations.  

Co-added IFGs were zero-filled by a factor of 2, had a triangular apodization function applied, 

and then were converted to 0.5 cm-1 spectral resolution SB spectra via a Fast Fourier 

Transform enacted in the AutoQuant Pro software (MIDAC Corporation, Irvine, CA).  The 

spectra used for the identification and analysis of the smoke trace gas constituents covered the 

wavenumber range 833 – 4000 cm-1 (2.5 -12 µm).  Trace gases within the plume and ambient 

atmosphere were identified from the spectra recorded, focusing the analysis on a set of 

compounds whose production is dominated by the separate combustion phases: flaming 

(CO2), smoldering (CO, CH4) and pyrolysis (CH2O).  The approach taken was via 

comparison of the measured single beam spectra to a spectral forward model parameterized 

using assumed concentrations of the target gases.  The model simulates the transmission of IR 

radiation along the open path, and is coupled to a fitting routine that optimizes the assumed 

trace gas concentrations to maximize the fit between the measured and modelled spectra.  The 

method is described in detail in Griffith (1996). 

 

The forward model takes as input the atmospheric temperature, pressure, path length and a 

priori trace gas concentration, and simulates the measured IR spectrum across a user-selected 

spectral micro-window (typically 10 cm-1 to 200 cm-1 width), within which the trace gas of 

interest demonstrates significant IR absorption.  The targeted spectral lines should be 

unsaturated and ideally have minimum interference from other atmospheric constituents, most 

commonly water vapour. The spectral microwindows selected for the analysis conducted here 

are based on those used in closed-path burning emissions FTIR studies.  The forward 

modeling of the measured IR spectra provides the total number of molecules of the target gas 

species [x] per unit area along the observation pathlength (molecules.cm
-2

), a measure we call 

here the species (molecular) pathlength concentration [x].  This represents the product of the 

optical pathlength (l, m) and the species mean molecular volumetric concentration [X] in 

molecules.cm-3.  The ratio of these retrieval amounts for two different trace gas species 

provides the relevant emission ratio (Ex/y, the relative amounts of two species [x] and [y] 

present in the smoke).  These can be converted into an emission factor [EFx]  representing the 
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amount of chemical species [x] released per kg of dry fuel burned as detailed in Andreae and 

Merlet (2001). 

5.4.2 Results and Discussion 

The results from the Kambeni and Numbi fires (Table 16) retrieved from the DOAS 

spectrometer are presented below. In addition, some preliminary results from the 

N'waswitshaka fire using the FTIR spectrometer are detailed. 

5.4.2.1 DOAS in-plume pathlength concentrations. 

Estimates of the pathlength concentration of SO2 and NO2 in the fire plumes, shown in Figures 

98 and 99 respectively. 

 

 

Figure 98. In plume concentrations of SO2 (black) and NO2 (green) for the Numbi fire 

returned using the FLYSPEC method. A moving average of 5 has been applied to both 

time series. 
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Figure 99. In plume concentrations of SO2 (black) and NO2 (green) for the Kambeni fire 

returned using the FLYSPEC method. A moving average of 5 has been applied to both 

time series. 

The time series of SO2 and NO2 pathlength concentrations shown in Figures 98 and 99 

indicates that the DOAS has returned a plume concentration profile with an emissions peak in 

the middle of the combustion episode, and lower concentrations away from this peak – which 

is sensible. The SO2 peak concentrations are greater in both fires compared to NO2, with 

values almost double NO2in the Kambeni fire.  The results of the Kambeni fire are smoother 

than for Numbi, with less fluctuation outside of the main emission peaks. Similarly, the SO2 

and NO2 fluxes for Kambeni fire are more strongly correlated compared to that of Numbi fire. 

The factors suggest that further investigation of the absorption peaks and troughs and filter 

values used in the retrieval method for the Numbi fire maybe warranted.   

The Numbi fire pathlength concentrations of SO2 and NO2shown in Figure 98 were used to 

calculate the flux rates (shown in Figure 100).  The sensitivity of the calculation to actual 

plume height is shown to be rather low if the plume is at > 100 m elevation (as was expected 

to be the case from visual observations), and following this, assumed plume heights of 200 m 

were used for all subsequent calculations, including that of the Kambeni Fire (Figure 100). 
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Figure 100.The flux rate of NO2 for the Numbi fire assuming estimated plume heights of 

100, 200 and 300 m and the wind log-law. Also shown is the flux rate calculated using the 

measured wind speed at 2 m – which is much lower that the expected wind speed at 100 

m or above.  The sensitivity to wind speed is therefore very strong if the plume is close to 

the surface, but at a plume height of 100m or above sensitivity to plume height is 

relatively low. 

Figure 101 shows the flux rates calculated using the pathlength concentrations of SO2 and 

NO2 for the Numbi and Kambeni fires respectively.  There is a strong correlation between the 

SO2 and NO2 peak flux rate values for the Kambeni fire. For the Numbi fire, the correlation is 

not as strong due to the nosier retrieved pathlength concentrations, in particular SO2, resulting 

in an extra and as yet unexplained ―flux peak‖ towards the end of the fire (which is unlikely to 

be real). The strong correlation between the trace gas flux peak and the FRP time series peak 

is clearly apparent, most particularly for the Kambeni fire. There is some temporal lag 

between the trace gas flux peaks and the FRP peaks, which is expected as whilst the thermal 

imaging camera records the greater FRP related to combustion increases essentially 

instantaneously, the related peaks in gas flux will be measured a little later by the DOAS 

system as the smoke has to make its way from the fire front to the plot edge in order to be 

quantified. 
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Figure 101. Flux rate of NO2 for the Numbi and Kambeni fires using the derived SO2 

and NO2 pathlength concentrations (Figure 37 and 38), measured ground wind velocity 

and an assumed plume height of 200 m.  Also shown is the matching FRP time series 

derived from the thermal imaging data. 
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5.4.2.2 FTIR 

From the FTIR data collected during the studies fires, in-plume trace gas concentrations of 

CO2, CH4, CO, SO2 and NO2 were retrieved using a forward model coupled to a non-linear 

least squares fitting algorithmsimilar to the approach outlined in Horrocks et al. (2001).  These 

concentrations were subsequently used to calculate emissions ratios (the amount of one gas 

emitted ratioed to another) and emissions factors (the amount of one gas emitted per unit of 

fuel mass burned). Note that measurements were not taken through the whole duration of the 

fire, just towards the beginning. Figure 102 shows the emission ratios of CO2, CH4, CO, SO2 

and NO2 calculated using the approach, whilst Table 6 shows the derived emissions factors. 

 

 

 

Figure 102. Emission ratios for the beginning of the N'waswitshaka fire for CO vs. CO2, 

CH4 vs.CO, SO2 vs. CO and NO2 vs. CO2. 

. 
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CO2 (g/kg) CO (g/kg) CH4(g/kg) NO2 (g/kg) SO2 (g/kg) 

1806 13.9 2.1 2.6 1.1 

Table 16. Calculated emissions factors of CO2, CO, CH4, SO2 and NO2 derived from the FTIR-

derived emission ratios of each gas. 

4.3.7 Synthesis of FTIR and UV-DOAS to obtain carbonaceous gas fluxes 

As SO2 and NO2 were detected in the smoke using the FTIR, it is possible to apply the 

emission ratio of NO2 (or SO2) to x where x is a species detected by the FTIR, to the derived 

flux rates of NO2 (or SO2) in order to calculate the flux rate of species . The emission ratios of 

NO2 tox from the N'waswitshaka fire have been applied to the flux rates of NO2 for the 

Kambeni and Numbi fires to return the flux rate of species for the given fires. Figure 103 

shows the resultant flux rates, with the use of the DOAS NO2 data chosen as its flux rate was 

less noisy than that of SO2.  Note that neither NO2 nor SO2 have strong absorption features in 

the IR spectral region measured by the FTIR (650-5500 cm
-1

), and so the emission ratios 

involving these species are subject to more uncertainty than would otherwise be the case 

(Figure 102 lower panel). It would be preferable to use a gas species that has significantly 

stronger IR absorption bands, but it would also have to be present in the smoke plume in 

detectable quantities and be measureable using the UV-DOAS. Once such species is 

formaldehyde (CH2O), but it is not possible to obtain calibration gas cells for this gas as it 

‗sticks‘ to the walls of the calibration cell.  
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Figure 103. Flux rates of CO2, CO and CH4 for the Numbi fire using the emission ratios 

of the species against that of NO2 and the DOAS-derived NO2 flux rates. 
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5.5 Satellite Data 

5.5.1 Pre- and post fire data collection 

Various options for collection of satellite data were attempted, including the collection of 

CHRIS-PROBA data via an ESA CAT-1 proposal as well as requests for MERIS and other 

data. Unfortunately, due to the cloudy nature of the fieldwork period, no satisfactory pre- and 

postfire data could be collected at high resolution at dates close to the fire. This was 

particularly true postfire, when CHRIS-PROBA acquisitions were scheduled unsuccessfully 

for several weeks. The CHRIS-PROBA acquisitions over the sites made on 8/10/2008 are 

shown below. 

 

  

Figure 104 CHRIS-PROBA scene acquired over Pretoriuskop site on 8/10/2008. Left 

panel: nadir (nominal) viewing zenith angle; right panel: -55 deg. viewing zenith angle 

(nominal). 

It can be seen that the acquisitions (the best available in the 1 month pre- and 2 months post-

fire windows) are contaminated by cloud and cloud shadow, particularly off nadir, which 

makes them essentially unsuitable for quantitative analysis. 

 

 

Data from the MERIS sensor on board the Envisat platform were ordered. Unfortunately, data 

coincidental with the KNP fires were unavailable due to cloud cover, so the data have not been 

made use of. Alternative plans were explored to use MERIS data on other burns that might 

have occurred at other times and for which other high resolution validation data is available 

but there was insufficient time in this study to do all of the pre-processing required 

(geolocation, atmospheric correction in the presence of biomass burring etc.). This effort was 

to be focused on larger fires, as the geolocation error for MERIS is known to be fairly large 

PNU 
PKA 

PNU PKA 
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(about the size of a KNP plot)
9
. This limitation complicates the use of MERIS for validation 

purposes. 

 

Data from the ALOS PRISM instrument were also considered, but while enough pre-fire data 

were available, no good post-fire data were acquired due to cloud cover. 

 

5.5.1.1 Other Remote Sensing Datasets 

A wide set of additional data is available from a number of sources regarding fires. These data 

have been gathered, cover a larger number of important fire regimes (in addition to savanna 

fires), and will be invaluable for testing algorithms. The main two sources of data are MODIS 

for moderate resolution data, as this provides a global coverage from 2001 onwards (and extra 

coverage from 2002 onwards thanks to the addition of the AQUA platform), and ETM7+ data 

for selected areas. In addition to the ETM7+ data, digitised burnscar contours have been 

acquired for location in the United States and in South Africa. 

5.5.1.2 MODIS data 

The MODIS sensor on board the TERRA and AQUA sensors is a multichannel 

spectroradiometer, which provides frequent coverage at a resolution of approximately 0.5 km 

globally. Apart from seven reflectance bands between located between 460 and 2100 nm, 

extra bands in the thermal are also available, including the possibility of investigating active 

fires. The instrument has a large field of view, acquiring data over an approximately 1200km 

swath, and having a reasonable amount of angular sampling. The data are available as at 

bottom of the atmosphere (BOA) reflectance (i.e., atmospherically corrected), and have been 

widely used for fire studies among other things. A number of extra products derived from the 

MODIS BOA reflectance have also been acquired. These are: 

 

1. The MODIS burned area product (MCD45A1), which provides pixels (and dates) 

where a burn has been detected. 

2. The nadir BRDF-adjusted reflectance (MCD43A3). 

3. The landcover product (MCD12Q1). 

4. The vegetation continuous fields (VCF) product for Africa. 

 

These products are available globally, and are useful for testing algorithms in other fire 

regimes. While the products are not perfect, they are useful information to identify burnscars 

and when they took place, pre- and post-fire reflectance (linked to fire severity in several 

studies) and different landcover classes that might impact fire spread. 

 

The MODIS data has been obtained for Southern Africa (tiles extend from h19v10 in the 

Western coast of Angola, to h21v11, in the South East coast of Mozambique), for years 2001, 

2004 and 2009. Some tiles do have complete MODIS-epoch time series. Data over boreal 

forests has been acquired over tile h11v02 in Alaska (US) for 2004, as there were many 

reported fires in Alaska in this year). 

                                                 
9
http://earth.esa.int/pcs/envisat/meris/documentation/GAEL-P229-TCN-01-01-00-

Meris_FR_location_control_2002-2005.pdf 

http://earth.esa.int/pcs/envisat/meris/documentation/GAEL-P229-TCN-01-01-00-Meris_FR_location_control_2002-2005.pdf
http://earth.esa.int/pcs/envisat/meris/documentation/GAEL-P229-TCN-01-01-00-Meris_FR_location_control_2002-2005.pdf
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5.5.1.3 Landsat ETM7+ 

Data from the Landsat ETM7+ sensor is available every 16 days (cloud permitting) globally. 

The nominal resolution is 30m, and the bands are similar to those of the MODIS instrument, 

an important factor to understand the role of spatial resolution and temporal sampling. The 

sensor has been widely used in research and operational fire applications, and its data are 

routinely used to estimate burnscar perimeters by fire management agencies worldwide. Table 

17 details the South Africa acquisitions used (only the 2001 data have been used), and the 

geographic distribution is shown in Figure 105 over averaged tree cover fraction from the 

MODIS Vegetation Continuous Fields dataset, indicating that these data cover a range of 

vegetation distributions that encompass the typical situations found in African savannas. 

 

 

Table 17: ETM7+ SAFnet validation acquisitions 
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Figure 105: ETM7+ acquisitions from the SAFnet validation dataset. 

Additionally, many fires have been identified and digitised by the USGS-National Park 

Service National Burn Severity Mapping Project
10

 in the US. The project has used pairs of 

Landsat TM and ETM+ images to delineate burnscar perimeters, which they make available in 

ESRI Shapefile format. The Landsat pre and post fire pairs are also provided, as is the ΔNBR. 

Some of the fires considered are shown in Table 19 (a map is shown Figure 106). 

Unfortunately, the proposed image pairs can be separated by several years, so suitable image 

pairs and initial analysis has only been carried out on a few of these fires. 

                                                 
10

 http://burnseverity.cr.usgs.gov/ 

http://burnseverity.cr.usgs.gov/


Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

192 

 

 

Park Name Fire Name Area Latitude Longitude Path/Row 

Noatak National Preserve Uvgoon2 35859.698 67.84 162.43 81/12 

Yukon Flats NWR Winter Trail 122185.154 67.03 145.17 69/13 

Yukon Flats NWR Preacher & Middle Birch 103504.772 66.00 145.12 68/14 

Innoko Refuge Big Yetna 38736.404 62.89 158.59 76/16 

Arctic Refuge Ammerman Mtn 8096.046 68.47 141.19 68/12 

Arctic Refuge Boulder Creek 21848.4 67.49 143.34 68/13 

Denali National Park Moose Lake 47876.318 63.56 152.84 72/15 

Denali National Park Foraker 6898.43 63.78 152.05 71/15 
Kanuti National Wildlife 
Refuge Jim River 8808.142 66.72 151.17 73/13 

Gates of the Arctic Norutak H2 6348.174 66.63 154.56 75/13 

Innoko Refuge Bonanza 104071.212 64.58 157.40 76/15 

Denali National Park John Hansen Lake 10228.288 64.07 151.34 72/15 

Yukon Flats NWR Grayling 20873.314 66.14 142.29 66/14 
Yukon Charley National 
Preserve 

Jessica, Pingo, Witch, 
Montuak 19916.0304 65.04 141.22 64/14 

Noatak National Preserve Cottonwood Bar 5049.408 68.17 159.70 79/12 

Gates of the Arctic Chapman Creek 66245.158 67.09 150.33 72/13 
Kanuti National Wildlife 
Refuge Evansville & Clawanmenka 55834.8 66.88 151.32 73/13 

Yukon Flats NWR Lower Mouth 34953.394 66.36 146.04 69/13 

Denali National Park Highpower Creek 50659.966 63.50 152.44 71/16 

Nowitna Refuge Louis Lake 9839.872 65.20 157.19 76/14 
Yukon Charley National 
Preserve Beverly 8204.4788 65.97 143.51 67/14 
Yukon Charley National 
Preserve Charley C1 30413.782 65.50 141.72 66/14 

N/A Milepost 85 8047.494 65.43 164.52 81/14 
Yukon Charley National 
Preserve Nation River 30903.348 65.23 141.45 66/14 
Yukon Charley National 
Preserve Wood Chopper 2 8439.956 65.30 143.44 66/14 
Yukon Charley National 
Preserve 

Edwards Creek and 
Woodchopper 118555.892 65.44 143.17 66/14 

Yukon Flats NWR Hodzana River & Dall City 83392.106 66.59 149.50 71/13 
Yukon Charley National 
Preserve 

Edwards Creek & 
Woodchopper 115792.474 65.55 143.19 66/14 

Table 18: USGS-NPS large Alaska fires. 
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Figure 106: Fires in the boreal region from the USGS-NPS dataset for July 2004 (only 

the larger fires are considered). 

5.5.2 Thermal data from MSG-SEVIRI 

Over Africa, the SEVIRI instrument on the MSG satellite acquires data every 15 minutes. 

These instantaneous Fire Radiative Power measurements can be integrated and converted into 

combusted biomass. We have acquired data from June to September 2004 over Southern 

Africa. The data have a nominal nadir point resolution of 3x3 km, but this resolution degrades 

moving away from the nadir point in the Equator. The data have been atmospherically 

corrected. The 15-minute samples have been integrated into 5-day Fire Radiative Energy 

(FRE) estimates, to account for uncertainty in the optical data timing of fires. Local 

corrections for cloud cover have been applied. 

 

5.6 Additional Data from Databases 

A number of databases contain data on the spectral properties of burned surfaces. These data 

are described in section 3.4.1. 

5.7 Discussion and Conclusions 

A wide range of optical, structural, thermal and EO measurements were made during the field 

campaign. These have been processed to provide ground-based estimates of pre- and post-fire 

burn signal (canopy-level reflectance), and its constituent components. These data have been 
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processed to provide a base data set against which to test the algorithm i.e. two canopy cover 

cases (comparatively low and high vegetation cover), pre- and post-fire (see above). 

 

In addition a wide range of structural data regarding the cover, density and structural 

arrangement (canopy height, tree height) were collected in order to develop two strands of RT 

modelling for testing and validation of the algorithm. The use of these is described in section 

3, in particular the application of a simple semi-analytical RT model, as well as the 

development and testing of more detailed 3D models. 

 

Lastly, measurements of the fire thermal properties, and pre and postfire fuel loads were made, 

in order to characterise the radiative properties of the fire estimates of carbon release (and 

other species) as well as the fraction f of material combusted during the burns and the 

combustion completeness, cc. These measurements provide a companion dataset to the optical 

information, in order to make the link between the optical pre/postfire signal and the burn 

severity (and implications for detection). Despite various practical issues of data collection 

and processing (particularly the lack of EO data for upscaling) these datasets provide a sound 

basis for testing the burn detection and severity algorithm. 
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6 Sensitivity of canopy reflectance and semi-empirical 
model parameters to biomass burning 

6.1 Introduction 

The main purpose of the section is to provide a report on the sensitivity of canopy reflectance 

and semi-empirical model parameters to biomass burning. In particular, it will provide:  

 

 a description of the semi-analytical radiative transfer modelling used in this report;  

 an analysis of the sensitivity of spectral directional reflectance to fire impacts; 

 a summary of the findings. 

6.2 Modelling the impact of fire on reflectance in the optical 
domain. 

6.2.1 Empirical analyses 

Section 3 reviews the approaches that have been or could be used to model the impacts of 

wildfire of optical remote sensing signals. In summary, there have been various empirical 

studies (e.g. Roy et al. 2002) that seek to assess the sensitivity of spectral reflectance to the 

impacts of wildfire. Figure 14, from Roy et al. (2002) shows typical results. The pre- and post-

fire reflectance from MODIS data reflectance data were analysed over a set of fires that had 

been identified from active fire detections.   



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

196 

 

 

 

Figure 107: Burned – unburned separability of the seven MODIS land surface 

reflectance bands, NDVI, and the MODIS land surface temperature (Ts) product (from 

Roy et al., 2002) 

 

Figure 107 shows a measure of separation of the pre- and post-fire reflectance for the MODIS 

land bands (as well as for surface temperature and NDVI). It is clear that the greatest 

seperability occurs at near and shortwave infrared wavelengths (NIR/SWIR), which is why so 

many detection and mapping algorithms concentrate on this wavelength region.  

 

Similar results are reported in Li et al (2004), where an analysis of airborne hyperspectral data 

over a number of different sites leads the authors to recommend using the MODIS bands 

centred at 1240 and 2130 nm (bands 5 and 7). This study recommends not using bands in the 

visible due to contamination by smoke aerosols. Trigg and Flasse (2001) recommend the use 

of bands centred around 1630 and 2100 nm for savanna burn scars, based on ground measured 

spectro-radiometer measurements.  
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6.2.2 Types of wildfire 

Fire scientists and managers generally consider three forms of wildfire (Scott and Reinhardt, 

2001): (i) ground fires, where ground fuels such as rotten buried logs, duff organic soils, etc. 

burn; (ii) surface fires, where the surface fuels (above the ground but below any tree canopy, 

including small shrubs, grass, fallen branches/logs, needles and litter) are consumed; (iii) 

crown fires, where the fire burns in the elevated crown canopy. The fuel amount, type and 

condition vary for each of these layers, which leads to different ‗fire regimes‘. Ground fires 

tend to have high bulk densities and low spread rates, but burning may continue for relatively 

high fuel moisture content. Surface fires are rather variable, depending on the particular fuel 

mixture, but will typically consist of some significant proportion of dry dead plant material. 

Crown fires (where such an overstorey exists) affect live and dead vegetation elements, have a 

generally low bulk density, and generally higher moisture content than surface materials. 

 

 

Figure 108. Typical fuel load and consumption for different forest fire regimes (crown 

fire, surface fire) (from Scott and Reinhardt, 2001). Here: Wt is total fuel load that could 

be consumed for a high intensity fire with dry fuels; Wo is surface fine fuel load; Wn net 

surface fuel load after a mineral fraction has been subtracted; Wa available fuel load 

consumed by fire; Wc fuel consumed that contributes to convection; Wf fuel consumed 

within flaming front. 

Scott and Reinhardt note three types of crown fire: passive (spatially localised fire in one or 

more trees that may spread downwind through embers or via surface fuels); active (where the 

whole surface/canopy complex is burning but fire spreads via heat from surface fuels); and 
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independent (rather rare and short-lived, where fire in the overstorey is via crown-to-crown 

and maintained without surface fuels). 

 

It is clear from Figure 108 that the fuel consumption from these various types of fire will be 

rather different. We would therefore expect to see such signatures in remote sensing 

measurements related to fuel consumption.  This has been found to be the case in examining 

fire radiative energy from thermal satellite observations. Wooster and Zhang (2004) report that 

boreal forest fires in Russia burn with less intensity (and consume less fuel) than those in 

North America, suggesting a dominance of crown fires in the latter (with intensity increasing 

with increasing tree cover) and surface fires in the former. Smith and Wooster (2005) have 

analysed head- (driven by the wind) and back- (against the wind) fires in thermal observations 

from MODIS over savanna fires. 

6.2.3 Previous radiative transfer modelling of fire impacts 

There have been relatively few papers that have attempted to model the impacts of fire on a 

remote sensing signal at optical wavelengths. Those most clearly attempting to model fire 

impacts of different severities are: (i) the study of Kötz et al. (2004) attempting to model forest 

and invert fuel properties from single view angle hyperspectral data; (ii) The miombo fire 

modelling of Pereira et al. (2004); (iii) The simple linear model of Roy and Landmann (2005); 

and (iv) a series of papers by Chuvieco and colleagues (Chuvieco et al., 2006; de Santis and 

Chuvieco, 2007, 2009; De Santis et al. 2009).  

 

The paper by Kötz et al. (2004) does not explicitly model the impact of fire but is rather 

targeted at fire risk assessment. It is of relevance in that it used a set of hybrid radiative 

transfer models (GeoSAIL and FLIGHT) to simulate the canopy response and invert 

information regarding fuel properties.  

 

Pereira et al. (2004) used the hybrid GORT model to examine the detectability of understorey 

burn (described as the separability of pre- and post-fire signals) in miombo woodland. 

Importantly, they concluded that the detectability of understorey burns is largely insensitive to 

stand structure and viewing and illumination geometry and primarily depends on ‗burn scar 

age‘.  

 

Roy and Landmann (2005) was the first real attempt to model fire impacts to attempt to 

explain observed signals. Their model does not consider radiative transfer in any detail, 

providing instead a linear mixture model considering the fractional area affected by fire (f), 

combustion completeness (cc), and the impact of these terms on pre- and post-fire spectral 

reflectance (  and  respectively). 

 

,         (6.1) 

 

where  is the ‗burn signal‘, the reflectance of the material that has been affected by fire. 

Equation 7.1 can be rearranged: 

 

,        (6.2) 
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showing that under this model, the product fxcc is the ratio of change in reflectance  

to the contrast between pre-fire reflectance and the burn signal . Although very 

simple in form, this model is very useful at elucidating the main impacts of replacing some 

component of the remote sensing signal with a ‗burn signal‘. It also points the way to a range 

of simple methods that might be used to estimate the product fcc (all that is really required is 

some statement of .) This in turn might be considered a useful ‗radiometric‘ measure of 

burn severity.  

 

Chuvieco et al. (2006) used a 1-D radiative transfer model (Kuusk) to attempt to simulate the 

effects of wildfire in a slightly more complex sense that that of Roy and Landmann (2005). 

The focus of this work (and the papers that have followed) is to attempt to describe the 

severity of fire impacts through a composite burn index (CBI) (Key and Benson, 2005) and to 

try to relate remote sensing measures to this form of characterization of severity. Although the 

field measurement of CBI considers more canopy layers, Chuvieco et al. (2006) decided to 

model CBI impacts via:  

 

(i) Changes in soil reflectance (mixture of char and pre-fire soil signal). The CBI 

scale for this stratum gives CBI of 0 to unchanged exposed soil, 1 to 10-39% 

change, 2 to 40-79% change, and 3 to >80% change. Chuvieco et al. used a linear 

interpolation between these breakpoints to model intermediate CBI values (i.e. a 

continuous scale).  

(ii) Percentage of foliage altered (PFA), modelled as a linear mixture of green and 

brown leaf spectra (assuming scorched leaves can be represented by a dry leaf 

spectrum). The PFA is mapped through to CBI according to Table 19. 

(iii) Percentage change in leaf cover (PCC), modelled in Chuvieco et al. (2006) 

through changing the LAI of over- and understorey layers. Mapping to CBI was 

again through linear interpolation from the published CBI values for these 

components (see Table 20). 
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Table 19. Mapping of PFA to CBI used by Chuvieco et al. (2006) 

 

Table 20. Mapping of PCC (LAI) to CBI used by Chuvieco et al. (2006) 

 

The simulations in Chuvieco et al. (2006) lead to the following observations: 

 

1. Fire severity has an important effect in the NIR and far SWIR regions of the spectrum. 

In the SWIR and visible regions, the correlation between CBI and reflectances is 

positive, as the main effect of fire is removal of green vegetation and water. In the 

NIR, the correlation is negative, as the effect of fire is modelled as a reduction of LAI. 

2. Overstorey CBI values are more strongly correlated with reflectance, as the top of the 

canopy signal is dominant. 

3. The combination of NIR and red is suitable for recent burns, where charcoal is an 

important part of the signal, NIR and SWIR is likely to be useful for a larger range of 

fires. 

4. The simulations suggest that severe burns are more obvious than burns that show low 

severity. 

 

In De Santis et al., 2007, simulations are carried out and compared with field samples. It is 

found that CBI does not take into account dead leaf litter, an important source of material in 

Mediterranean environments, and neither is the canopy cover of the different layers taken into 

account. The first limitation complicates the spectral response of the fire, and the second 

masks understorey burns. This second effect leads the authors in De Santis et al. (2008) to 
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introduce a new measure of severity, the GeoCBI, which simply weights each vegetation layer 

by its fractional cover, leading to a value that is more closely related to a radiometric 

measurement. 

 

In De Santis et al. (2009), the authors simulate a number of fire scenarios using a combination 

of the PROSPECT and GeoSAIL models. In this work, an effort is made to simulate pre- and 

post-fire spectral properties of leaves. The simulated brown leaves show a large increase in 

reflectance in wavelengths after 1200 nm, compared with the green leaves. The canopy 

structure is defined in terms of GeoCBI values. The soil stratum is defined as a linear mixture 

of soil and char. The burnt understorey layer was made up of brown (scorched) leaves, with 

different leaf area indices. These LAI values were not related to GeoCBI values: in most 

cases, there was a reduction in understorey LAI value, but for the most severe fire that still had 

leaves left, the value of understorey LAI was identical to the starting value. The overstorey 

was made up of green leaves, and the effect of fire was simulated as a reduction in overstorey 

LAI, add in severe burn cases, it was accompanied by a scorching of needles. 

 

In terms of radiative transfer modelling, the papers by Chuvieco and colleagues generally 

attempt to translate CBI (or GeoCBI) severity into model parameters. The mappings of these 

sets of parameters are non-linear, and hard to translate to other environments other than those 

considered by the authors (Mediterranean forest). From a methodological point of view, the 

separation of the fire effects into its soil, understorey and overstorey components is sound, and 

in line with fire descriptions in (Scott and Reinhardt, 2001). Additionally, the use of radiative 

transfer models in this work was more related to an application to estimate (Geo)CBI from 

satellite data than to understand the effect of fire on vegetation. While the impact of fire in 

different region of the spectrum is discussed, there is little discussion of the effect of 

geometry. Similarly, it is unclear how general the CBI to model parameter mappings are, even 

for Mediterranean forests. 
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6.3 Radiative transfer modelling of fire impacts 

 

To simulate the impact of a wide range of burning scenarios on the observed satellite signal 

the GORT model of Ni et al. (1999) was used. GORT is a hybrid Geometric Optic and 

Radiative Transfer model. The GO component is based on the model of Li and Strahler (1992) 

and represents tree crowns as randomly distributed ellipsoids. First order scattering effects are 

described by the probability of a photon not entering a tree crown (described purely by 

geometric optics) and the probability that a photon that has entered a tree crown does not 

colliding with any vegetation elements (described by the path length through the media). A 

simple analytical model describes multiple scattering. In practice GORT predicts the 

proportion of sunlit and shaded tree crown, and sunlit and shaded ground that are in the pixel 

viewed be the satellite sensor, and the spectral signature of each of these components (Figure 

109). 

 

 

GORT is parameterised by the ratio (B/R) of vertical (B) to horizontal (R) axes of the crown 

ellipsoids, the ratio (H/B) of the distribution of crown centroid heights (H) to the vertical axes, 

the projected crown cover (PCC), the albedo of the boundary, the hemispherical reflectance 

and transmittance of the scattering elements (i.e. foliage) and the amount of foliage present, 

Figure 109. The GORT model partitions the scene into the components of shaded and 

illuminated crown and ground. The proportions of each of these viewable from a 

particular angular configuration are then calculated. 
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which can be expressed as either the tree LAI, the scene LAI or the Foliage Area Volume 

Density (FAVD). The leaf angle distribution is assumed to be uniform.  

 

An understorey component was added to the GORT model using the semi-discrete 1D 

radiative transfer model of Gobron et al. (1997).  The model is parameterised by the LAI, leaf 

single scattering albedo, leaf angle distribution (set to uniform for this experiment), the 

bounding albedo (see below) and a hotspot correction term that adjusts the dual gap 

probability for the case where the viewing and illumination geometries are similar. The 

predicted albedo from the semi-discrete model was used as the boundary condition for the 

GORT model, and in addition the viewed and sunlit component of GORT was replaced by the 

BRF predicted by the semi-discrete model for the appropriate view-illumination geometry. For 

cases where the understorey had fractional coverage of the soil the undertsory reflectance was 

linearly mixed with the soil term. 

 

The lower boundary condition (or soil term) for the model was provided using a measured soil 

spectra and a model of a char spectra from SAFARI 2000 data (see Figure 110).  

 

Figure 110. Leaf, soil and char spectra used in the simulations 

 

Leaf spectra for both the over- and understorey were generated using the PROSPECT model 

of Jacquemoud and Baret (1990). A brown and green leaf spectra were produced (Figure 110, 

Table 21). 
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Concentration Chlorophyll 

 

 

g/cm
2
 

Equivalent 

Water 

Thickness 

cm 

Dry 

Matter 

 

g/cm
2
 

Senescence 

 

 

unitless 

Leaf 

layers 

 

unitless 

Green leaf 70 0.0480 0.035 0.2 2.5 

Brown leaf 20 0.0008 0.035 1.5 2.5 

Table 21. PROSPECT model parameters used in the simulations 

 

Canopy simulations for a range of burn scenarios were generated (see below). The purpose of 

these experiments is to highlight the impact of particular canopy features on the algorithm 

proposed here. Simulations were made at MODIS land wavelengths, along the principal plane 

with solar zenith angles of 0 to 60 degrees in steps of 15 degrees.  

 

The default parameter set for GORT simulations is given in Tables 22 and 23. Note that the 

understorey height and leaf radius are hotspot parameters – the model is sensitive to their 

ratio. 

 

Parameter Values 

H/B 0.5 

B/R 2.36 

Tree cover 0.2, 0.4, 0.6 

Leaf type green 

Canopy LAI 1.0 

Leaf angle distribution uniform 

Table 22. Overstorey default parameters set 

 

Parameter Values 

Height 0.5 

Leaf radius 0.05 m 

Leaf type green, brown 

LAI 1.5 

Leaf angle distribution uniform 

Table 23. Understorey default parameter set 
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Note also that in the canopy overstorey variations, the canopy LAI is held constant (at a 

default value of 1.0) but the tree cover is varied. This will effectively ‗clump‘ the stated LAI 

more for lower tree cover, i.e. the crown leaf area density is much higher (and the crown direct 

transmission lower) for lower crown cover.  

Figure 111. Illustration of the modifications made to the GORT model: an understorey with a 

fractional cover, a mixed leaf spectrum, and a mixed soil/char spectrum. 
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6.3.1 Modelling fire impacts via fire severity 

6.3.1.1 Rationale 

It is clearly a complex and difficult task to use any semi-analytical radiative transfer model to 

simulate fire impacts. There are many possible impacts of fire on vegetation, ranging from the 

partial conversion of surface (understorey) materials from some typically dry grass or litter 

fuel to char through to the near complete combustion of large parts of overstorey crowns, 

leaving only charred stumps and ash. Whilst the sensitivity of canopy spectral directional 

reflectance to various aspects of such impacts can be modelled, such a study would most 

likely repeat existing studies cited above and arrive at the generic conclusions noted from the 

empirical and modelling analyses, the most common of which is that the strongest optical 

signals tend to be in the shortwave infrared and that changes are larger for more ‗severe‘ fires. 

 

We start then from consideration of the linear mixture model of Roy and Landmann (2005) 

(Equation 7.1) and assume that the most likely parameter we will be able to retrieve from 

optical remote sensing data that will in some way describe the degree of impact (i.e. what is 

sometimes loosely called severity) is either the factional area affected by the fire, f, or the 

lumped parameter fcc. In section 4, a generic model of the ‗burn signal‘  was presented that 

allows equation 7.2 to be solved to estimate fcc for any particular waveband given a 

measurement of the change in reflectance due to fire at that wavelength and assumed 

knowledge of the reflectance of the area affected by fire. Since the model of  is (assumed) 

capable of describing the reflectance of both exposed soil and char, we require an additional 

parameter in the modelling, e, the degree of soil exposure in the burn signal.  

 

In any practical application, the reflectance of the area affected by fire is unknown as must be 

estimated by the pre-fire reflectance. Thus, under this assumption, we can provide an estimate 

of fcc simply from observations of pre- and post-fire spectral reflectance and the assumed (two 

parameter) model of . We need a minimum set of measurements in at least 3 wavebands to 

solve for the required terms, but clearly more spectral samples than this are desirable. In this 

study, we suppose a reasonable sampling set to be provided by the MODIS instrument (Table 

1) as in section 4 there appeared to be little difference in derived model parameters when 

using the MODIS bandset or a large number of hyperspectral samples. 

 

In this section, we place more emphasis on the directional component of reflectance than 

previous studies, as it is planned that the model applied here could be used in operational 

algorithms and the results may have implications for the directional sampling of any proposed 

instruments. 

 

We wish then, to develop an understanding of the major factors that affect the application of 

this linear mixture model to the quantification of a range of wildfire situations and to quantify 

how well the model is liable to hold in situations more complex than those assumed in the 

simple linear mixture model. 
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An important aspect of this is quantifying uncertainties in the estimated parameter. If the 

model is assumed correct (zero ‗model‘ error) this is simply done from a statement of the 

input data uncertainties. For MODIS wavebands, we use the uncertainties in reflectance 

published by Roy et al. (2005) (Table 24), although as our observation is a change in 

reflectance, the assumed uncertainty of this is  times the values given below. 

 

 

MODIS band Central wavelength (m)  (reflectance) 

1 0.645 0.004 

2 0.858 0.015 

3 0.469 0.003 

4 0.555 0.004 

5 1.240 0.013 

6 1.640 0.010 

7 2.130 0.006 

Table 24. MODIS 500m land surface reflectance: conservative one standard deviation  

noise estimates 

Uncertainty in the (linear) model parameters will be simply a function of the spectral 

sampling, the uncertainty estimates per waveband, and the pre-fire reflectance (c.fLucht and 

Lewis, 2000). As such, they will vary with soil brightness, canopy cover and LAI etc. 

 

We describe a set of six experiments below that examine the impact of various terms that 

might be considered in wildfire modelling on the directional reflectance. The explicative 

framework developed in section 4.6 is used as a basis for interpretation. 

 

The first two, grouped as Experiment 1, consider only a single canopy layer (plus a lower 

boundary). Here, fire impact is modelled via fcc, i.e. some fractional area of vegetation is 

converted from its pre-fire state to a mixture of exposed soil and char (the proportionate 

mixture being controlled by an ‗exposure‘ parameter e). In many ways these experiments are 

rather trivial, in that we are using a linear mixture model to both forward and inverse model, 

but the main reason for them is to understand how well the generic model of burn operates 

with realistic spectral cases. 

 

The second set of experiments, grouped as Experiment 2, considers a multi-layer canopy 

whereby fire impacts on the surface layer are simulated in the same way as Experiment 1, but 

the scenario is complicated by the presence of canopy elements (the overstorey) that either 

doesn‘t change or only changes partially.  
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6.3.2 Description of Experiments 

6.3.2.1 Experiment 1a: understorey only, varying leaf colour and LAI, e = 

0.0 

In this experiment, we consider a canopy of a single layer only (plus a lower boundary). The 

single layer canopy reflectance is simulated with the semi-discrete model with the base set of 

parameters given inTable 23 for three levels of LAI (0.5, 1.5, 3.0). Simulations are conducted 

in the solar principal plane, so solar zenith angles of 0 to 60 degrees in steps of 15 degrees, 

and view zenith angles of -75 to 75 degrees in steps of 5 degrees (steps of 1 degree within 10 

degrees of the retro-reflectance direction). 

 

We model the impact of fire in a linear manner to allow a test of the algorithm under relatively 

simple circumstances, mimicking wildfire impacts on, for example, a grass canopy. It is 

assumed that areas of grass that burn are fully replaced by char on the soil, i.e. (radiometric) 

combustion completeness (cc) is unity (following the model of Roy and Landmann, 2005). We 

then vary the fractional cover affected by fire, from 0.1 to 1.0 in steps of 0.1 and analyse and 

attempt to explain the behaviour of the resulting compound parameter fcc given by inverting a 

spectral model independently for each viewing/illumination angle configuration. In this way, 

we are able to examine the behaviour of the inverse model in this close to ideal case (as a 

function of LAI and viewing and illumination angles). The only reason (other than numerical 

issues) that there should be error in the results here is due to an incomplete description of the 

char spectral function in the assumed model. The experiment is therefore essentially a test of 

how well the inversion model copes with slight departures from the assumed ‗burn signal‘ 

function. 

6.3.2.2 Experiment 1b: understorey only, varying LAI, e = 0.5 

In this experiment, we consider that fire has the effect of removing vegetation, and replacing it 

with a mixture of exposed soil and char. This simulates the impact of non-unity (radiometric) 

combustion completeness (or equivalently the removal of char and exposure of soil some time 

post-fire). Given that we use a linear model in mixing these components, the experiment is in 

essence a test of the ability of the assumed ‗burn signal‘ model to mimic a mixture of a char 

and soil signals. 

6.3.2.3 Experiment 2a: understorey burn with varying overstorey cover: 

Low LAI 

In this experiment, we introduce an overstorey, using the modified GORT model presented 

above with the default set of parameters in Table 22and understorey parameters as described 

inTable 23. As in experiment 1a, we keep cc at 1.0 and vary f, from 0.1 to 0.9 here. The 

purpose of this experiment is to develop an understanding of the potential influence of an 

unburned overstorey on any inferences concerning understorey burning. Since a wide range of 

canopy covers are considered, the results should be generic for a range of fire regimes where 

the tree layer remains essentially unaffected. 
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6.3.2.4 Experiment 2b: understorey urn with varying overstorey cover: e = 

0.5 

This experiment is the same scenario as Experiment2a, except that the impacts of fire on the 

understorey are the same as in Experiment 1b.  

6.3.2.5 Experiment 2c: understorey burn with varying overstorey cover: 

High LAI 

This experiment is the same scenario as Experiment2a, except that a higher canopy LAI (6.0) 

is used. This should in turn reduce the crown transmission and show the impact of more 

opaque tree crowns. 

6.3.2.6 Experiment 2c: understorey and overstorey burn: High LAI 

This experiment considers both a surface and crown fire. In this instance, the crown fire is 

simply modelled by the removal of 50% of the overstorey trees. Whilst more complex 

scenarios could be considered for the overstorey burn, we believe this experiment sufficient to 

demonstrate the generic impacts. 

6.3.3 Interpretation framework 

The explicative model presented in section 4.6 suggests that for experiment 1, the assumed 

linear model should produce accurate estimates of fcc, the soil exposure term e being part of 

the burn signal. Experiments 2a-c are approximated by case 3 above, whereby our expectation 

is that the inferred fcc depends to a certain extent on the contrast term b0. Experiment 2d is 

approximated by case 4 above, with PCC = 0.5, so the inferred fcc should equal  
𝑓𝑐𝑐′′ =   𝑓 +  1 − 𝑓 0.5𝑏0   𝑓 +  1 − 𝑓 𝑏0    with cc=1.0. 
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6.4 Results 

6.4.1 Introduction 

This section presents results of the experiments described in 6.3.2. 

6.4.2 Fire impact results 

6.4.2.1 Experiment 1a: understorey only, varying leaf colour and LAI, e = 

1.0 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 112. Example of model fitting. LAI=3.0, solar zenith angle - 60 degrees, view 

zenith angle 60 degrees for (a) green leaf, fcc = 0.5; (b) green leaf, fcc = 1.0; (c) brown 

leaf, fcc = 0.5; (d) brown leaf, fcc = 1.0; 

 

LAI mean RMSE maximum RMSE 

0.5 0.00059 0.00207 

1.5 0.00111 0.00254 

3.0 0.00136 0.00268 
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Table 25. Inverse model fitting statistics for experiment 1a 

 

Figure 112 shows an example of the inverse model fitting for two values of modelled fcc with 

a green and brown leaf canopy. The behaviour of the results is very similar for all cases: 

because the burn signal here is a linear function of wavelength and we attempt to model it with 

a constrained quadratic, there is a small error in the model description. This leads to a very 

slight over-estimate of the burn signal, and a very slight over-estimate of the inferred fcc. The 

RMSE in model fitting is shown in summary inTable 25. In all cases, the ability of the model 

to describe the change in reflectance due to the modelled fire is extremely good. In the figure 

we see the forward modelling of the post-fire reflectance to be extremely good spectrally 

which gives additional confidence in the operation of the model. Figure 113 shows fcc 

estimated through model inversion plotted against the proportion of area burned ‗real‘ fcc) for 

the green leaf canopy.  

 

 

Figure 113. fcc estimated for varying proportions of canopy area burned, for all LAI 

values and all viewing and illumination angles. 

As described above, we see a very slight over-estimate of fcc from the model inversion 

(predicted = 1.037 fcc, R
2
 = 0.998). Similarly, for the brown leaf canopy, predicted = 1.046 fcc 

(R
2
 = 0.998). The uncertainty in fcc (due to uncertainty in reflectance and sampling) ranges 

from 0.00025 to 0.01345 (mean 0.00458, standard deviation 0.00396). Thus we see that the 
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actual error present here (due to a slightly incorrect specification of the burn signal) swamps 

the uncertainty due to sampling, i.e. model specification error is greater than the error due to 

noise in the input data. 

 

The parameters a0 and a1 derived from the inversion are rather stable. Over all cases, they 

have a mean of 0.0347 and 0.0352 respectively, with standard deviations of 0.0005 and 0.0094 

(range 0.03357 to 0.03571 and 0.02585 to 0.05705 respectively). In addition, they have a 

correlation coefficient of 0.5375 (a1 = 9.412 a0 – 0.2914). The uncertainties due to input data 

noise and sampling
11

 range from 0.000007to 0.000037 for a0 and 0.000042 to 0.002088for a1 

(mean 0.00458, standard deviation 0.00396), so it is not surprising that these parameters are 

stable under these circumstances. 

 

6.4.2.2 Experiment 1b: understorey only, varying LAI, e = 0.5 

Figure 114 shows example results of the model fitting for the exposed char and soil case. In 

the figures, the line labelled ‗burn signal‘ corresponds only to the char portion of that signal, 

whereas the forward-modelled ‗burn signal‘ is the ‗true‘ signal, i.e. the combined 

char/exposed soil signal. 

 

Model fitting statistics are very similar to those of experiment 1a and so are not reported here. 

A similar though slightly weaker correlation coefficient exists between the a0 and a1 

parameters, with a similar linear relation (R=0.4421; a1 = 9.671 a0 – 0.1744). The only major 

difference is that the absolute values of a1 are significantly larger (mean 0.248, standard 

deviation 0.00148, range 0.2432 to 0.2491). The a0 parameter is significantly smaller than the 

previous value (mean 0.0436, standard deviation 0.0000677, range 0.0435 to 0.0438). 

 

  

Figure 114. Example of model fitting. LAI=3.0, solar zenith angle - 60 degrees, view 

zenith angle 60 degrees for (a) brown leaf, f = 0.5; (b) brown leaf, f = 1.0 

                                                 
11

 Note that uncertainties reported for these parameters are in reality the uncertainties of the 

product of fcc and the burn signal terms (due to the coupling in the equations). The ‗true‘ 

uncertainties may therefore be significantly higher for low fcc. 
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Figure 115. fcc estimated for varying proportions of canopy area burned, for all LAI 

values and all viewing and illumination angles for e 0.5 

The model retrieves a ‗burn‘ signal as the spectral signature that can explain the change in 

reflectance (due to fire). As such, it provides a mapping of the factional area affected by fire: 

any interpretation of e must be made from the retrieved spectrum (or equivalently, the burn 

signal model parameters a0 and a1). This can potentially be achieved if the soil signal is 

known, but not simply in the general case. A simple interpretation might be achieved from the 

a1 parameter, as any large magnitude in this is likely indicative of exposed soil rather than 

char. 

 

The estimate of fcc given by the model inversion over all cases is now a slight underestimate 

of the true value (predicted = 0.992 f, R
2
 = 0.9996) and the variation is even less than in 

experiment 1a. It is clear that the model can effectively use the generic ‗burn‘ signal proposed 

here to infer the signal change due to burn signals independent of the model. That said, since 

the model of burn impact is linear, the model ought to be able to cope with these cases well. 

6.4.2.3 Experiment 2a: understorey burn with varying overstorey cover 

Figure 116 illustrates some of the issues involved in interpreting these signals. With this 

simple spectral burn signal model, the ability of the linear model to explain the change in 

spectral reflectance due to the fire is consistently very good. As seen from Figure 116, the pre- 

and post-reflectance varies with angle. The magnitude of the difference signal also varies 

considerably, generally being largest around the anti-hotspot (forward scattering direction) and 

the nadir hotspot (which is in a way a special case of the former). Further, although the 

modelled burn is assumed Lambertian, the inferred burn signal varies considerably with angle. 
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(a) SZA = 30

o
, VZA = -30

o
 (hot spot) 

 
(b) SZA = 30

o
, VZA = 30

o
 (anti-hot spot) 

 
(c) SZA = 30

o
, VZA = 0

o
 (nadir) 

 
(d) SZA = 0

o
, VZA = 0

o
 (nadir hotspot) 

Figure 116. Plots of pre- and post-fire and modelled reflectances in various angular 

configurations (green leaf canopy) for fcc = 0.5, PCC=0.2 

 

Figure 117 shows the (sunlit) component reflectances pre- and post-fire. Unsurprisingly given 

the scenario, the change in the ground signal is generally much greater than that of the canopy 

signal. The only change in the canopy signal is due to a decrease in multiple scattering 

between the overstorey and understorey (i.e. it is a slight function of fcc) that hardly affects 

the visible bands at all. However, in the near infrared, the effect can be quite dramatic. 
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(a) SZA = 30

o
, VZA = -30

o
 (hot spot) 

 
(b) SZA = 30

o
, VZA = 30

o
 (anti-hot spot) 

 
(c) SZA = 30

o
, VZA = 0

o
 (nadir) 

 
(d) SZA = 0

o
, VZA = 0

o
 (nadir hotspot) 

Figure 117. Plots of pre- and post-fire modelled component reflectances in various 

angular configurations (green leaf canopy) for fcc = 0.5, PCC=0.2 

Figure 118 shows sample results from experiment 2a for a green leaf overstorey and 

understorey. Results for the brown leaf understorey are very similar. The plots in Figure 119 

show the inferred fcc as a function of view zenith angle in the solar principal plane for two 

example solar zenith angles. Also shown on the plot are the (solid spheroid) proportion of 

sunlit ground terms (labelled KG) and the total proportion of ground viewed (including direct 

transmission through the crown). The large variation considered in tree leaf area density is 

demonstrated by examining the difference between KG and total ground viewed in the hot 

spot direction (negative angles here). In this direction, no shadows are viewed, so KG 

represents the proportion of ground viewed if the overstorey trees (modelled as spheroids) 

were opaque. The large difference between this value and the true proportion of ground 

viewed in this direction is very significant for PCC 0.5 and 0.9, indicating a large crown 

transmission in these cases. In fact, the total proportion of ground viewed is rather similar for 

all cases since the LAI is low, which results in rather similar patterns of retrieved fcc for a 

given solar zenith angle. The general pattern observed is a minimum in fcc in the hot spot 

direction, indicating that the overstorey has a significant impact in this direction. There is also 

a general lowering of the fcc in the backscattering quadrant, with quite a flat distribution 

observed in forward scattering directions. 
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(a) SZA = 30

o
, VZA = -30
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 (hot spot) 

 
(b) SZA = 30

o
, VZA = 30

o
 (anti-hot spot) 

 
(c) SZA = 30

o
, VZA = 0

o
 (nadir) 

 
(d) SZA = 0

o
, VZA = 0

o
 (nadir hotspot) 

Figure 118. Plots of pre- and post-fire sunlit crown component reflectances in various 

angular configurations (green leaf canopy) for fcc = 0.5, PCC=0.2 

 

Table 26 shows the results of fitting what is essentially the burn signal model to the sunlit 

crown component reflectance, i.e.:  

𝜌𝑎 = 𝑏0𝜌𝑎 + 𝑏1 + 𝑏2  
2

𝑙𝑚𝑎𝑥 −𝑙0
   𝑙 − 𝑙0 −

 𝑙−𝑙0 
2

2 𝑙𝑚𝑎𝑥 −𝑙0 
            (8.24) 

 

 

All results are very similar, so no further graphs are shown. 

 

VZA 

(degrees) 

SZA 

(degrees) 

b0 b1 b2 RMSE 

30 -30 1.270 -0.004 -0.105 0.0043 

30 30 0.843 -0.026 -0.156 0.0045 

30 0 1.146 -0.014 -0.113 0.0045 

0 0 0.782 -0.021 -0.163 0.0036 

Table 26. Model parameters describing (pre-fire) sunlit crown reflectance 
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(a) SZA = 30
o
 PCC = 0.2 (b) SZA = 0

o
 PCC = 0.2 

(c) SZA = 30
o
 PCC = 0.4 (d) SZA = 0

o
 PCC = 0.4 

 
(e) SZA = 30

o
 PCC = 0.6 

 
(f) SZA = 0

o
 PCC = 0.6 

Figure 119. Experiment 2a fcc results for LAI 1.0, green leaf canopies for varying PCC 

and SZA 
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Figure 120. Scatterplot of predicted and simulated fcc for experiment 2a 

 

Figure 120 shows a scatterplot of fcc inferred from the model for the nadir hotspot 

configuration, corrected for nadir overstorey canopy cover (i.e. divided by PCC). Over all 

simulations in this experiment, the uncorrected result yields: 

 

Inferred fcc  = 0.755 fcc – 0.117      (R
2
 = 0.8859) 

 

And for the corrected interpretation: 

 

Corrected Inferred fcc  = 1.094 fcc – 0.141   (R
2
 = 0.9671) 
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6.4.2.4 Experiment 2b: understorey burn with varying overstorey cover: cc 

= 0.5 

The pattern of these results is very similar to that of experiment 2a, in the same way that 

experiment 1b results were similar to those of experiment 1a. The estimated values of f are 

slightly lower than when fcc is 1.0 (i.e. those in experiment 2a), but it is clear that the resultant 

signal is responding to f, with the char and exposed soil mixture being accounted for in the 

retrieved burn signal. 

 
(a) SZA = 30

o
, VZA = -30

o
 (hot spot) 

 
(b) SZA = 30

o
, VZA = 30

o
 (anti-hot spot) 

 
(c) SZA = 30

o
, VZA = 0

o
 (nadir) 

 
(d) SZA = 0

o
, VZA = 0

o
 (nadir hotspot) 

Figure 121. Plots of pre- and post-fire and modelled reflectances in various angular 

configurations (green leaf canopy) for fcc = 0.5, PCC=0.2 

 

Figure 121 shows similar results to Figure 116 except that the burn signal is higher.  
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(a) SZA = 30

o
, VZA = -30

o
 (hot spot) 

 
(b) SZA = 30

o
, VZA = 30

o
 (anti-hot spot) 

 
(c) SZA = 30

o
, VZA = 0

o
 (nadir) 

 
(d) SZA = 0

o
, VZA = 0

o
 (nadir hotspot) 

Figure 122. Plots of pre- and post-fire modelled component reflectances in various 

angular configurations (green leaf canopy) for fcc = 0.5, PCC=0.2 

 

Table 27 shows the results of fitting equation 24 to the sunlit crown component reflectance. 

 

VZA 

(degrees) 

SZA 

(degrees) 

b0 b1 b2 RMSE 

30 -30 1.270 -0.004 -0.104 0.0043 

30 30 0.843 -0.026 -0.156 0.0045 

30 0 1.147 -0.014 -0.113 0.0045 

0 0 0.782 -0.022 -0.162 0.0036 

Table 27. Model parameters describing (pre-fire) sunlit crown reflectance 
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(a) SZA = 30

o
 PCC = 0.2 

 
(b) SZA = 0

o
 PCC = 0.2 

 
(c) SZA = 30

o
 PCC = 0.4 

 
(d) SZA = 0

o
 PCC = 0.4 

(e) SZA = 30
o
 PCC = 0.6 (f) SZA = 0

o
 PCC = 0.6 

Figure 123. Experiment 2b fcc results for LAI 1.0, green leaf canopiesfor varying PCC 

and SZA 
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Figure 124.Scatterplot of predicted and simulated fcc for experiment 2b 

 

Figure 124 shows a scatterplot offcc inferred from the model for the nadir hotspot 

configuration, corrected for nadir overstorey canopy cover (divided by PCC). Over all 

simulations in this experiment, the uncorrected result yields: 

 

Inferred fcc  = 0.740 fcc – 0.102     (R
2
 = 0.9307) 

 

And for the corrected interpretation: 

 

Corrected Inferred fcc  = 1.025 fcc – 0.138   (R
2
 = 0.9658) 
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6.4.2.5 Experiment 2c: understorey burn with varying overstorey cover: 

High LAI 

 
(a) SZA = 30

o
, VZA = -30

o
 (hot spot) 

 
(b) SZA = 30

o
, VZA = 30

o
 (anti-hot spot) 

 
(c) SZA = 30

o
, VZA = 0

o
 (nadir) 

 
(d) SZA = 0

o
, VZA = 0

o
 (nadir hotspot) 

Figure 125. Plots of pre- and post-fire and modelled reflectances in various angular 

configurations (green leaf canopy) for fcc = 0.5, PCC=0.2 
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(a) SZA = 30

o
, VZA = -30

o
 (hot spot) 

 
(b) SZA = 30

o
, VZA = 30

o
 (anti-hot spot) 

 
(c) SZA = 30

o
, VZA = 0

o
 (nadir) 

 
(d) SZA = 0

o
, VZA = 0

o
 (nadir hotspot) 

Figure 126. Plots of pre- and post-fire modelled component reflectances in various 

angular configurations (green leaf canopy) for fcc = 0.5, PCC=0.2 

 

Table 28 shows the results of fitting equation 24 to the sunlit crown component reflectance.  

VZA 

(degrees) 

SZA 

(degrees) 

b0 b1 b2 RMSE 

30 -30 1.489 -0.015 -0.146 0.0110 

30 30 1.007 -0.035 -0.209 0.0123 

30 0 1.375 -0.022 -0.158 0.0121 

0 0 0.964 -0.033 -0.227 0.0120 

Table 28. Model parameters describing (pre-fire) sunlit crown reflectance 
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(a) SZA = 30

o
 PCC = 0.2 

 
(b) SZA = 0

o
 PCC = 0.2 

 
(c) SZA = 30

o
 PCC = 0.4 

 
(d) SZA = 0

o
 PCC = 0.4 

 
(e) SZA = 30

o
 PCC = 0.6 

 
(f) SZA = 0

o
 PCC = 0.6 

Figure 127. Experiment 2c fcc results for LAI 6.0, green leaf canopies for varying PCC 

and SZA 
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Figure 128. Scatterplot of predicted and simulated fcc for experiment 2c 

 

Figure 128 shows a scatterplot of  fcc inferred from the model for the nadir hotspot 

configuration, corrected for nadir overstorey canopy cover (divided by PCC). Over all 

simulations in this experiment, the uncorrected result yields: 

 

Inferred fcc  = 0.653 fcc – 0.110     (R
2
 = 0.8161) 

 

And for the corrected interpretation: 

 

Corrected Inferred fcc  = 1.046 fcc – 0.176   (R
2
 = 0.9574) 
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6.4.2.6 Experiment 2d: change in PCC 

 
(a) SZA = 30

o
, VZA = -30

o
 (hot spot) 

 
(b) SZA = 30

o
, VZA = 30

o
 (anti-hot spot) 
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o
, VZA = 0

o
 (nadir) 

 
(d) SZA = 0

o
, VZA = 0

o
 (nadir hotspot) 

Figure 129. Plots of pre- and post-fire and modelled reflectances in various angular 

configurations (green leaf canopy) for fcc = 0.5, PCC=0.2 
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o
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(d) SZA = 0

o
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o
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Figure 130. Plots of pre- and post-fire modelled component reflectances in various 

angular configurations (green leaf canopy) for fcc = 0.5, PCC=0.2 

 

Table 29 shows the results of fitting the burn signal model to the sunlit crown component 

reflectance.  

VZA 

(degrees) 

SZA 

(degrees) 

b0 b1 b2 RMSE 

30 -30 1.489 -0.015 -0.146 0.0110 

30 30 1.001 -0.035 -0.209 0.0123 

30 0 1.374 -0.022 -0.157 0.0121 

0 0 0.964 -0.033 -0.227 0.0120 

Table 29. Model parameters describing (pre-fire) sunlit crown reflectance 
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(a) SZA = 30
o
 PCC = 0.2 

 
(b) SZA = 0

o
 PCC = 0.2 

 
(c) SZA = 30

o
 PCC = 0.4 

 
(d) SZA = 0

o
 PCC = 0.4 

 
(e) SZA = 30

o
 PCC = 0.6 

 
(f) SZA = 0

o
 PCC = 0.6 

Figure 131. Experiment 2d fcc results for LAI 6.0, green leaf canopies 

for varying PCC and SZA 

 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

230 

 

Figure 132. Scatterplot of predicted and simulated fcc for experiment 2d 

 

Figure 132 shows a scatterplot of  fcc inferred from the model for the nadir hotspot 

configuration, corrected for nadir overstorey canopy cover (divided by PCC). Over all 

simulations in this experiment, the uncorrected result yields: 

 

Inferred fcc  = 0.839 fcc – 0.152     (R
2
 = 0.9245) 

 

And for the corrected interpretation: 

 

Corrected Inferred fcc  = 1.075 fcc – 0.195   (R
2
 = 0.9594) 
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Figure 133.  Scatterplot of predicted and simulated fcc for experiments 2a-2d 

 

Figure 133 shows a scatterplot of fcc inferred from the model for the nadir hotspot 

configuration, corrected for nadir overstorey canopy cover (divided by PCC). Over all 

simulations in this experiment, the uncorrected result yields: 

 

Inferred fcc  = 0.755 fcc – 0.117     (R
2
 = 0.8859) 

 

And for the corrected interpretation: 

 

Corrected Inferred fcc  = 1.060 fcc – 0.162   (R
2
 = 0.9540) 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

232 

 

6.5 Discussion and conclusions 

6.5.1 Introduction 

This section has reviewed model-based and empirical investigations of the spectral nature of 

wildfire impacts. There is a general consensus that SWIR reflectance tends to give the 

strongest and most reliable signal, but no previous approach (other than spectral mixture 

modelling pre- and post-burn) has been suggested to explain the change in spectral reflectance 

across all wavebands. Such a model is presented in this work, which attempts to infer the 

parameter fcc, the product of fractional area affected by fire and the combustion completeness, 

from pre- and post-burn spectral reflectance at the same set of viewing and illumination 

angles. 

6.5.2 Single layer canopy (Experiment 1) 

The first set of experiments was designed to test the model operation under realistic scenarios 

of soil and char reflectance and to examine any error introduced by a mis-match between the 

assumed burn signal form and the ‗actual‘ burn signal. This was investigated using a single 

layer canopy reflectance model due to Gobron et al. (1997) for various cases of leaf ‗colour‘ 

(i.e. green and brown leaves) and LAI. The linear model was applied to a wide range of 

conditions and found to fit extremely well using spectral samples over the MODIS land bands 

(RMSE << 0.003). Only a very small error was introduced in the interpretation of fcc 

(predicted is 0.992 and 1.037 of actual value for experiments 1a and 1b). Further, there was no 

influence of viewing or illumination geometry and no great influence of LAI (statistics are 

provided grouping all angular samples together). It was found that both soil exposure and char 

deposit effects could be well described with the assumed generic burn signal model. 

 

In conclusion, provided wildfires act on the radiometric signal in the way modelled here, the 

linear model should be able to predict fcc very accurately with no major sources of error 

(beyond uncertainty in the input reflectance data). Further, if the fire affects the canopy in the 

way described, there should be no angular variation in the inferred fcc signal. 

6.5.3 Multi-layer canopy (Experiment 2) 

This set of experiments was designed to examine the influence of an overstorey on the 

inference of fcc. A set of explicative models was developed in section 4.6 that suggested that 

the most important complicating factors are: (i) the proportion of (sunlit) area that is to be 

burned that is viewed by the sensor; (ii) the ‗contrast‘ (b0) between the reflectance of canopy 

components that are affected by fire and those not affected. The first of these conditions the 

maximum value of fcc in that the retrieved value for a surface fire is modulated by the gap 

probability through the overstorey to the surface. One way of thinking about this is that if the 

overstorey had the same pre-fire reflectance as the understorey, then any radiometric estimate 

of the fractional area affected would intuitively be modulated by the fraction of understorey 

viewed. The contrast term b0 was found to vary from just over 0.75 to close to 1.5 in the 

scenarios considered. Figures 43 and 45 suggest that this range of influence could lead to 

errors in estimated fcc of up to 0.2 at moderate values of fcc, although the error would be 

smaller for high and low fcc. This was indeed found to be the case (see e.g. summary results 
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from all of experiment 2 in Figure 133), with the inferred fcc form nadir hotspot 

viewing/illumination being otherwise equal to the product of one minus the proportionate 

canopy cover and the true value of fcc. The fact that b0 can have an influence arises from a 

practical implementation of the linear mixture model requiring the pre-fire reflectance to be 

used as a surrogate for the reflectance of the area affected by the fire, and any subsequent error 

must be treated as part of the uncertainty of the method, unless much more sophisticated 

methods are to be used. 

 

The inferred values of fcc were seen to vary significantly as a function of viewing and 

illumination geometries for all cases. In the hotspot direction, the result was (within the 

bounds of uncertainty described above for the nadir hotspot analysis) generally very close to 

the product of one minus the projected proportionate canopy cover and the true value of fcc, so 

in theory any hotspot configuration might be used to infer projected fcc. An interesting feature 

of projected fcc for canopies with an overstorey is that the term closely mimics the proportion 

of understorey viewed. This suggests that an examination of the behaviour of projected fcc 

with zenith angle ought to provide information of the relative amount of understorey viewed 

and therefore on the nature of the overstorey. This aspect of the modelling needs some further 

investigation to gauge its reliability. 

 

Crown fires (modelled as the consumption of some proportion of the overstorey trees in 

experiment 2d) is seen to provide rather more complex behaviour with viewing and 

illumination angles than results for understorey fires. The main reason for this is some 

scenarios are included where the loss of tree cover is high (e.g. PCC 0.6) but the modelled fcc 

is low (e.g. 0.1). In such a case, the main impact of the overstorey loss is to expose the bright 

understorey canopy. For many scenarios, this results in the post-fire reflectance being higher 

than the pre-fire reflectance across all bands and a negative value of fcc being inferred. This 

issue does not appear to arise in the hotspot directions, which would tend to suggest that if at 

all possible, retro-refection directions should be used for fcc characterisation.  

6.5.4 General conclusions 

This section has used two coupled models of canopy reflectance to perform a set of 

experiments relating to inferring information about the impact of wildfires on vegetation 

canopies. Although we have not examined as large a range of parameters as some previous 

papers, we believe we have developed a generic framework within which overall influences 

on the proportion of the signal affected by fire can be explained. Further, we have examined 

how inferred signals vary with viewing and illumination geometries. 

The main findings of the experiments are: 

 

1. The linear mixture model proposed in this report is capable of accurately describing 

the change in reflectance due to wildfires across the shortwave region; 

2. In a single layer canopy, there should be little angular variation in inferred fcc using 

the linear mixture model; 

3. In a two-layer canopy where the fire only affects a single layer, the inferred fcc will be 

approximately the true fcc modulated by the proportion of that layer viewed; 
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4. In such a case, an error can be introduced that may be as high as 0.2 in fcc for 

moderate values of fcc (much lower for low and high fcc), depending on the contrast 

between overstorey and understorey reflectance. Inferred fcc is liable to be an under-

estimate if the reflectance of the component unaffected by fire is less than the 

reflectance of the component affected by fire and vice-versa; 

5. In a two-layer canopy where the fire affects both layers, a compound fcc is estimated, 

relating to the total proportion viewed; 

6. The complex mixture of sunlit and shaded components makes interpretation of the 

retried fcc signal in a two-layer canopy complex, other than in the retro-reflectance 

direction. It is suggested therefore that, as far as practical, fcc be interpreted from 

observations at or close to hotspot directions; 

7. There is likely information on whether a fire occurs in an understorey or the whole 

canopy in the variation of inferred fcc in retro-reflectance directions. 
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7 Development of 3D models of wildfire impact 

7.1 Introduction 

The primary purpose of the section is to describe the development of detailed 3D models of 

canopy structure from ground survey measurements of structural and radiometric properties 

and testing of the resulting models against field observations. The document describes the 

additional processing of field measurements not covered in section 6 and the subsequent 

development of specific 3D models based on these observations. The document includes 

sensitivity analysis of the resulting 3D models as a function of varying structural and 

radiometric properties, and comparison of the resulting modelled canopy reflectance against 

measurements from pre- and post-burn field sites of contrasting (low, high) vegetation 

amount. The results provide an assessment of the suitability of the models for modelling the 

observed scenes. The output of this section is a set of 3D model scenarios spanning a range of 

observed scene characteristics, which can then be used to compare with analysis developed 

using simpler, more approximate RT models. 

 

The purpose of the work described below is to allow the field structural and radiometric 

measurements to be used to develop structurally accurate 3D RT models that are capable of 

describing the impact of burns on the modelled EO signal. This requires ensuring the models 

are an accurate description of the measured canopies at the field sites, both in terms of 

structure (amount, height, cover, gappiness) and radiometric properties (spectral and angular 

reflectance). The assessment of the models includes sensitivity analysis of the resulting 3D 

models as a function of varying structural and radiometric properties, and comparison of the 

resulting modelled canopy reflectance against measurements from pre- and post-burn field 

sites of contrasting (low, high) vegetation amount. The results provide an assessment of the 

suitability of the models for modelling the observed scenes.  

 

A description is given of the tree, shrub and grass structure generation, followed by a 

summary of the librat
12

 3D MCRT simulation tool. Following this, sensitivity analysis is 

given of the 3D models to the structural and radiometric assumptions made during the scene 

generation. Lastly, a validation of the models at the stand scale is shown through comparison 

to both angular and radiometric field measurements made pre- and postfire. Issues relating to 

the development of the models, particularly the understorey (grass structure) are described. 

 

                                                 
12

 http://www2.geog.ucl.ac.uk/~plewis/bpms/src/lib/ 
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7.2 Plot descriptions 

The 3D modelling work described below is based on structural and photographic 

measurements made in the field (see section 5), in particular, the size, shape and number 

density (number per ha
-1

) of the trees measured in the field. It is useful to revisit the plots used 

for the field data collection, in order to provide the context for the 3D development presented 

below. 

 

As described in section 5, two plots were measured in detail at each of two sites, Skukuza 

(SNA, SNW plots) and Pretoriuskop (PKA, PNU). The two sites represent a precipitation 

gradient, with the plots at Pretoriuskop representing higher precipitation, lower grazing 

pressure and generally denser vegetation. The sites at Skukuza are drier with higher grazing 

pressure and hence sparser vegetation. 

 

Two sets of 3D model scenarios are developed initially to represent these sites, pre- and post-

burn i.e. high/low density vegetation cover (LAI), pre/post-burn. Figure 71 shows the various 

plots as captured from aerial photography.It can be seenthat the patches of dense and sparse 

vegetation, and the paths created by animal encroachment are maintained both before and after 

burning. This may be an important part of the signal where herbivory is significant. As a 

result, it is perhaps necessary to develop a mechanism in the 3D scene creation by which areas 

of sparse ground cover can be included as desired. In the dense plot (right hand panels of 

Figure 71) the tree cover is much greater, but does not change pre- and post-burn. In both 

cases, the predominant signal change is due to the darkening of the background due to the 

burning of the dense grassy understorey. Clearly, ensuring there is enough understorey cover 

in the 3D model scenes is key to getting the signal change right. 

7.2.1 Input data and ancillary information 

A wide range of structural and radiometric data were collected in the field to enable 3D model 

development. These are described in full in section 6, but the key data are: 

 

 Tree height, DBH, crown size and number density (stems ha
-1

), location, number of 

standing and fallen trees per plot; 

 Overstorey and understorey LAI using the LiCOR LAI 2000 plant canopy analyser; 

 Upward-looking hemiphotos taken above and below the understorey, to allow 

estimation of overstorey and understorey gap fraction and an alternative estimate of 

LAI 

 Downward-looking hemiphotos taken above the understorey, to allow estimation of 

understorey gap fraction and an alternative estimate of LAI  

 Height and density of grass and shrubs; 

 Scene component radiometric properties (leaf, stem, bark) pre and postfire from ASD 

leaf contact probe measurements; 

 Understorey BRDF and spectral reflectance (from above-canopy ASD measurements) 

 Scene spectral reflectance (and some BRDF) from helicopter-based ASD 

measurements 

 Some estimates of biomass from disc pasture meter measurements (pre- and postfire) 
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7.3 3D model generation 

3D structural information has been generated using a variety of sources. For the Combretum, 

Sclerocaryaand Terminaliastructure, OnyxTREE© software (www.onyx.com) was used. This 

software has been used to simulate the structure of deciduous broadleaf canopies for 

simulation of various remote sensing signals, in particular lidar (Disney and Lewis, 2008; 

Disney et al., 2008, 2009; Hancock et al., 2008). 

7.3.1 Tree structure 

Tree structure was generated by using examples of existing tree models within OnyxTREE, 

parameterised according to the measured tree data, in particular, the height and tree crown size 

information. The OnyxTREE output is filtered to provide a modified wavefront format (.obj) 

file for reading into the librat 3D Monte Carlo ray tracing (MCRT) software as described 

below. 

 

Figures 134-135 show examples of the Combretum and Sclerocarya trees, in various leaf 

on/off stages. It should be noted that even following burning the Sclerocarya trees keep their 

leaf cover in general, as do some of the Combretum and shrub species. The amount of leaf 

material remaining is a function of the burn intensity, and is largely determined by the 

available undergrowth biomass. 

 

   

Figure 134 Examples of Combretum-type trees simulated using the librat model at 

850nm. The simulations are from a view angle of 60 and the panels are approximately 

6m in scene height in each case. 

 

 

http://www.onux.com/
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Figure 135 Examples of Sclerocarya-type trees simulated using the librat model at 

850nm. The simulations are from a view angle of 60 and the panels are approximately 

15m in scene height in each case. 

 

Table 30 shows the range of height and crown size for the modelled trees. While it is certainly 

possible to manufacture more trees of different size ranges, it is more important in getting the 

signal right to ensure the right canopy cover of both tree and grasses. As discussed below, it is 

in large part the grass that will determine the contrast between the pre- and post-burn signal, 

particularly over dry bright soils prevalent in these areas. If the concern is the total volume of 

plant material consumed in a fire, then the specific size and volume of the trees will become 

more important. However, as discussed above, the larger trees are rarely destroyed by fire, 

particularly the Sclerocarya. Even the dryer, shorter Combretumare not generally totally 

destroyed during burns, particularly the standing trees. The fallen ones tend to be more prone 

to burning. 

 

Tree type Height (m) Mean crown 

dia. (m) 

DBH (m) 

Combretum 4.15 2.33 0.15 

Combretum 3.13 1.8 0.09 

Combretum 3.76 2.55 0.12 

Combretum 3.87 2.6 0.11 

Combretum 2.29 1.24 0.06 

Combretum 5.42 2.6 0.18 

Combretum 3.23 1.64 0.08 

Sclerocarya 11.2 7.26 0.55 

Sclerocarya 11.0 8.38 0.53 

Sclerocarya 12.3 7.7 0.59 

Table 30 Summary of the height and crown dimensions of the various tree objects. 
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To generate plot-sized scenes (100x100m) trees are arranged randomly within a given plot, 

according to a predefined planting density, initially determined from the field observations 

described in section 6. The ratio of standing to fallen trees was also determined from these 

measurements (shown in section 6). This varies greatly from one location to another and from 

one part of a plot to another, and can potentially be an important part of the scene reflectance 

signal. 

7.4 Shrub structure 

Shrub structure was generated based on generic shrub models included within OnyxTREE, 

modified to provide the approximate height and width observed from the transect 

photography. Five separate examples of shrubs were generated, with both leaf on and leaf-off 

conditions. These are shown in Figure 136. 

 

 
 

 
 

Figure 136 Examples of various shrubs simulated using the librat model at 850nm. The 

two right-most panels illustrate the leaf-on and leaf-off examples of a single shrub plant. 

The simulations are from a viewing zenith angle of 60 and the panels are approximately 

1.5m in scene height in each case. 

7.5 Grass structure 

Grass structure is perhaps more important in terms of the pre- and postfire burn signal respect 

than that of the trees, given the density of coverage and the fact that apart from the more 

severe fires in the drier areas, the majority of combustion that occurs is of the grass and shrub 

layer only. As can be seen from Figure 71above, the larger trees in remain largely untouched 

due to the relatively low intensity and rapid spread of fire. 

 

Because of the number of grass plants required, even for a relatively small area of 50 or 100m 

on a side (10
4
-10

6
 potentially), a small, computationally efficient object is required which can 

be ‗cloned‘ rapidly and efficiently during the simulation process. 

 

As a result, we have used cylinders to represent the grass objects. Each plant contains 10 

stems, of radius 0.005m, with base length 1.2m varying randomly by up to 0.5m in height. 

The stems are distributed in a Fibonacci spiral phyllotaxy (spatial arrangement) around the 

central point, with the angle from the vertical determined by the degree of rotation through the 

spiral. The angle of rotation increases by a fixed angle (the so-called ‗golden‘ or Fibonacci 
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angle of ~137.51) for each new stem. This angle is the limit of the ratio of successive numbers 

in the Fibonacci series and is an irrational factor of 2. Using this angle ensures that no two 

stems are arranged at the same rotation angle and avoids unwanted geometric regularity which 

would occur by having stems at some rational rotation angle fraction. This is a pattern widely-

seen in nature, particularly in leaf and seed distribution where it prevents overlapping of 

leaves or needles on a stem for example (Disney et al., 2006). Examples of grass plant 

structure are shown below. 

 

 

   

Figure 137 Examples of generic grass plants used to provide ground cover in the 

simulated scenes. The simulations are from a viewing zenith angle of 60 and the panels 

are approximately 1.5m in scene height in each case. 

 

Finally, grass plants generated in this way are reduced in size to a mean height of 0.1m, with 

random variation of to 0.05m to represent the post-burn grass ‗stubble‘. Calculating the LAI 

of the grass plants is not straightforward in the sense that they are cylinders. As a result, where 

LAI is stated for the grass canopies below, it is expressed as 0.5 x cylinder surface area. 

Clearly this is not equivalent to true leaf LAI, as the resulting cylinder area will have different 

scattering properties to a plant with the same leaf area arranged flat (the scattering phase 

function in particular will be quite different), and hence will be an overestimate by a factor of 

2-4. However, when there is a high density of plants, angular scattering preferences will tend 

to average out, particular for higher orders of scattering. The first-order scattering may be 

quite different to the scattering of flat leaves however. 
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7.5.1 Plant distribution 

In order to distribute the various plants within modelled scenes, a control file is created which 

contains the various plant names and their number within the scene. An example of this is 

shown below for a 50 x 50m plot: 

 

bush1_leafon.obj 40 1 

bush2_leafon.obj 40 1 

bush3_leafon.obj 40 1 

combretum_leafon1.obj 10 5 

combretum_leafon2.obj 10 5 

combretum_leafoff1.obj 10 5 

combretum_leafoff2.obj 10 5 

combretum_leafoff3.obj 10 5 

combretum_leafoff4.obj 10 5 

combretum_leafoff5.obj 10 5 

merula1.obj 2 10 

 

The first entry on each line is the name of the file containing the 3D structural information for 

each plant. The second number is the number of instances of each plant to be included in the 

scene, and the third entry is a buffer distance limiting the closest proximity of a given object 

instance to any of the other objects in the file e.g. 10m for the merula1 object in the above 

example. All units are in the units of the object file i.e. m in all cases here. 

 

During the scene creation, the plants are placed randomly within the scene, within the limits 

specified by the buffering distance. However, in the scenes required here, the number of grass 

plants required to give high canopy coverage for even a relatively small area means the 

buffering process is not feasible, at it requires checking each object against all other placed 

objects. As a result, we have placed the grass plants randomly within the scene, at pre-defined 

plant spacing. In the descriptions given below of ‗low‘ and ‗high‘ density canopies (based on 

observed values), the values used are 25 plants m
-2

 for the low-density canopy (~230000 

plants in 100 x 100m area), and 40m
-2

 for the higher density canopy (~350000 plants in 100 x 

100m area). However, to provide a much wider range of canopy cover for simulating the pre-

/postfire signal scenes have been generated ranging from 10-60 plants m
-2

 (> 520000 plants in 

a 100 x 100m area). 

7.5.1.1 Plant buffering 

In order to ensure that the grass plants to do not impinge upon the larger shrubs and trees in 

the scene, we have created a buffer around these objects. The simplest way to do this has been 

to use the librat tool to simulate the model scenes vertically from above without the grass 

plants, giving what is effectively a height map image. Examples of this are shown below. 
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Figure 138 Example mask images simulated using librat, and used to create the buffer 

zones around the larger plants to allow placement of the grass plants (lower density left, 

higher density right). Gray scale variation indicates height in the scene (white = 0, to 

black = 12m). 

 

The simulated height map images were used to generate a mask of value 1 where a tree or 

shrub occurs, and 0 where there is no tree or shrub. These masks were then used as a template 

to place the remaining grass plants randomly in the scene. Given the large numbers of grass 

plants, this is much more efficient in terms of placing plants. Finally, we modify the scenes 

used to generate the height map images to include the grass objects, using the large or small 

plants depending on whether we are generating a pre- or postfire scene.  

 

Examples of the resulting planting density of the various scene components is shown below in 

Figure 139 where the spaces resulting from the buffering operation can be scene within the 

background of the grass plants. 

 

The model scenarios generated in this way, and used for the initial forward model testing, are 

summarised below. It should be noted that by taking considerable care in ensuring the scene 

component objects are efficiently created in terms of bounding boxes, particularly the large 

number of grass plants, the time taken to simulate a given scene is kept to a minimum as it 

reduces the time for ray intersection testing, the core computational load of the ray tracing 

process. 

 

To simulate the images shown below takes a few hours on a 3GHz PC with 4GB RAM. These 

scenes were generated using 64 rays per pixel, and generated at quite high resolution for 

reproduction purposes. For simulating BRDF or spectral response, the simulations can be 

carried out much more rapidly, typically of the order of 10 min per view angle. Additional 
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wavebands or orders of scattering do not add great cost. Additional efficiencies for simulating 

arbitrary spectral combinations can be made (where possible) by running the MCRT model in 

‗generic‘ mode (see below for details) 

 

 

  

Figure 139 Distribution of the various plants within the scenes. The relative shading of 

the two plots represents the density of grass plants, as they are represented by dots. 

 

7.5.2 Summary of core 3D modelling scenarios 

The range of individual plant models and scenarios used to test the 3D model implementation 

is summarised as follows. The individual plants comprise: 

 

1. 10 grass plants (mean height 1.2m  0.5m); 10 grass plants (mean height 0.1m  0.05m); 

2. Five shrub plants with leaf on and leaf off. 

3. 8 Combretum trees with leaf on, 8 Combretum with leaf off, and horizontal versions of 

each. 

4. 4 Sclerocarya trees with leaf on. 

 

The core scenes constructed from these basic plant units used for testing below comprise: 

 

1. Low density, leaf on: a fixed base area 50m on a side (which can be expanded as 

required), replicated out to 4km on a side, 120 shrub plants (leaf on); 84 Combretum 

trees (20 leaf on, 64 leaf off, 75% lying flat); 3 Sclerocarya tree with leaf on; 54000 

grass plants (25 per m
2
, excepting areas where there are trees or shrubs). 

2. Low density, leaf off: as above but with grass plants replaced by their stubble 

counterparts. 

3. High density, leaf on: as above, with 120 Combretum trees (20 leaf on, 100 leaf off, 

75% lying flat); 3 Sclerocarya trees with leaf on; 86000 grass plants (~40 per m
2
, 

excepting areas where there are trees or shrubs). 

4. High density, leaf off: as above, but with grass plants replaced by their stubble 

counterparts. 
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The percentage cover of the simulated scenes is 89.9% for the lower density case and 96.8% 

for the higher density case. As can be seen from figure 70, the canopy cover is essentially 

100% except where there have been paths worn by animal herbivory, or where there are large 

termite mounds, which, if occupied typically have very little vegetation cover. 

 

In addition, a suite of more general models has been generated for testing the burn algorithm 

under conditions of greater or lesser over- and understorey. These comprise 30 canopies with 

tree cover of ranging from 600, 1000 and 1400 trees ha-1, with the proportion of fallen trees 

ranging 70, 90%, grass cover ranging from 5-60 plants m
-2

. 

7.5.3 The librat simulation tool 

Simulations are performed with tools from a C library librat
13

. This is a Monte Carlo ray 

tracing (MCRT) library developed from the ararat model of Lewis (1999). The general 

operation of the library and relevant tools used here are described below. One manifestation of 

the tools underlying the library is the ray tracing model drat. Whilst it is not straightforward to 

validate such a model, the series of RAMI (radiative transfer model inter-comparison) 

exercises (Pinty et al., 2004, Widlowski et al., 2007) allow for some confidence to be given to 

simulations from drat and derived tools as simulations are mostly found to agree very closely 

with other numerical solutions to radiative transport. Indeed the drat model is one of a small 

suite of models used in the RAMI online model-checking (ROMC) tool which is now used 

totest and benchmark other radiative transfer codes(Widlowski et al., 2008). Comparisons 

with airborne and spaceborne data are presented in Disney et al. (2006, 2009). One of the first 

tasks carried out during the 3D simulation work here has been to re-simulate some of the 

ROMC test scenes to ensure that results are consistent between the drat (now deprecated) and 

librat incarnations of the code.  

 

In the simulations carried out here, we use librat as a reverse ray tracer (Disney et al., 2000), 

i.e. simulation proceeds by firing a sample set of primary rays from the sensor into the world 

scene and then ‗importance sampling‘ the illumination source. 

Plants and other scene objects are described by sets of 3D geometric primitives. Those used in 

these simulations include triangular facets (mainly for leaf blades, but also for detailed trunk 

and branch), cylinders (for stems, branches etc.), and disks. The ground is assumed here to be 

a flat Lambertian plane. For most plants modelled here, the core clustering of primitives is the 

plant level, i.e. a group of geometric primitives are associated with a tag that defines them as 

belonging to that group. An oct-tree spatial hierarchy is then imposed on this group to create 

an efficient mechanism for intersection testing by defining (axis-aligned) bounding boxes (see 

Lewis (1999) for details of intersection tests and other efficiencies). In the models here the 

original definition of each plant is made ‗virtual‘, i.e. it does not directly appear in the scene. 

Instances of each virtual plant are then placed in the scene (with corresponding layers of 

bounding boxes) as ‗clones‘ – copies of the virtual plants that are randomly rotated in azimuth. 

In this way, an attempt at simulating ‗natural‘ variability is achieved using a set of ‗full‘ plant 

descriptions (see above). 

                                                 
13

 Available for download by obtaining and running on unix (solaris, linux and OS X) 

http://www.geog.ucl.ac.uk/~plewis/bpms/src/lib/configure  

http://www.geog.ucl.ac.uk/~plewis/bpms/src/lib/configure
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A special TRANSPARENT material exists within librat. The primary use of this is to mask 

sections of material maps, which can be used e.g. to simply model complex leaf form. A 

material map is a spatial look-up table (image) defining a spatial mapping of different material 

types over a local coordinate system on a primitive. When a ray intersects a material map the 

TRANSPARENT material allows rays to simply pass through, where other materials are used 

to define the local scattering (reflectance and transmittance) properties of that particular 

object. The leaves used in the Combretum, Sclerocarya and shrub models described above 

have leaves defined by two triangles (allowing for some small leaf curvature, see below). On 

top of this is mapped a high resolution leaf ―shape‖ image with the image DN coded for 

TRANSPARENT to create details of leaf edges. Such effects are probably of limited impact 

when considering radiance at the canopy scale, but are included because the cost of 

implementation is very low. Note that although there is surface texture on these leaves (spatial 

variations of surface normal, veins, ribs etc.) that could be mapped through to the 

libratsimulations, this is more computationally expensive for very little benefit, so the leaf 

maps are used for the shape rather than texture. Figure 140 shows examples of the leaves used 

in the simulations here. Figure 141shows the impact of using the leaf maps compared with 

simple triangular facets. 

 

 

  

Figure 140Examples of the leaf maps used in the tree and shrub 3D model simulations. 
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Figure 141 Impact of mapping leaf shape. Note the slight bend in the leaf allowed by 

using multiple leaf facets (2 in this case). 

7.5.4 librat ‘generic’ mode 

A feature of the librat model (not included in previous versions) is the ability to carry out 

simulations in ‗generic‘ mode. In this mode, the number (and order) of scattering interactions 

with the various materials in the scene is recorded and written out, as opposed to calculating 

the attenuation of radiation at each interaction. The scattering information is then generic for 

that particular combination of canopy structure and view/illumination conditions. Any 

radiometric information (reflectance, transmittance) can then be used a posteriori to generate 

spectral reflectance values. This allows multiple radiometric combinations to be tried for any 

given structural/illumination configuration, with no extra cost. 

7.6 3D model results 

7.6.1 Model simulation results 

Initial simulations have been carried out using the base test cases summarised above 7.5.2. 

Simulations were carried out for two sun angles (nadir and 40), for view zenith angles from -

60 to 60 in steps of 10, and for wavebands corresponding to the MODIS bands i.e. 660, 

840, 485, 570, 1240, 1650, 2220nm respectively (in MODIS band-order).  

 

It should be emphasised that much of the effort required to generate the models goes into 

producing the 3D model scenarios themselves, and in particular ensuring that they are 

efficiently bounded so that the actual radiometric simulation can be carried out rapidly. We 

now have a set of base cases (trees shrubs, grasses) which can be combined efficiently to 

produce rapid 3D simulations of a range of scenarios extending these base cases e.g. with 

different number densities of trees, shrubs or grasses, patches of grass, much larger scenes etc. 

 

Figures 142 and 143 below shows the results of simulating the low density canopy pre- and 

post-burn canopies used as the base test cases described above. Figure 144 shows an oblique 
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view of the same. Figures 145 and 146 show the high density canopy scenarios pre- and post 

burn, with Figure 147 showing an oblique view. Figure 148 shows an example of a patchier 

version of the lower density plot, indicating the difference that such patches can make to the 

scene reflectance. 

 

 

 

Figure 142 Example of the low density canopy, pre-burn, with the dark areas being the 

coverage of grass. The simulation is at 850nm, for a 20x20m region of the larger canopy, 

and at a view zenith angle of 30. 
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Figure 143 Example of the low density canopy, post-burn, with the small dark patches 

being the post-burn stubs of grass. The simulation is at 850nm, for a 20x20m region of 

the larger canopy, and at a view zenith angle of 30. 
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Figure 144 A more oblique view of the previous scene simulation, this time from angle of 

30, showing the remaining small grass stubble, which has a darker spectral signature 

than the unburned grass. 
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Figure 145 Example of the high density canopy, pre-burn, simulated at 850nm, for a 

20x20m region of the larger canopy, and at a view zenith angle of 30. 
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Figure 146 Example of the high density canopy, post-burn, simulated at 850nm, for a 

20x20m region of the larger canopy, and at a view zenith angle of 30. 
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Figure 147 Oblique view of pre-burn (top) and post-burn (bottom) canopies, simulated at 

850nm for a 20x20m region of the larger canopy, and at a view zenith angle of 80. 

 

 

 

Figure 148 A further simulation of the lower density canopy, with patches manufactured 

by placing a larger grass-free buffer area around areas containing trees and shrubs. 

 

Clearly, the amount of grass cover remaining and the resulting exposed soil, makes a large 

difference to the pre- and post-burn simulated signal. In addition, the quantity and type of 

grass stubble remaining can be very variable depending on the intensity of the burn. The grass 

in the Kruger plots typically did not burn completely, and generally left charred stumps of 

grass stems, some few cm high. Post-burn, the charred grass stems can start to grow green 
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shoots within a few days, particularly following rain. This will tend to change the post-burn 

signal again. 

 

Figure 149 below shows examples of the post-fire surface at the PNU plot, where burning had 

been relatively intense, starting from a dense ground covering of grass. The burned grass 

stubble can be seen clearly particularly in the left panel. 

 

   

Figure 149 Post-burn photographs of the surface of the PNU plot, showing the burned 

surface and stubble remaining post-burn. 

7.6.2 3D model-simulated spectra 

In order to test the 3D modelling, a range of simulations are being carried out to assess the 

sensitivity of the model to the various structural characteristics, including leaf and tree density, 

soil and canopy component reflectance and the presence or absence of canopy gaps due to 

paths and flattened grass. In addition, simulation results will be compared with the canopy 

spectra measured from helicopter over the plots. Simulations of the particular spatial and 

spectral characteristics of the helicopter-measured spectra is a will be a key component of the 

3D model validation. 

 

For the generation of pre- and post-burn signals for comparison with observed satellite data, 

we will simulate various footprint sizes and waveband sets. Figure 150 shows an example of 

the spectral reflectance of the 3D canopies simulated at the MODIS bands (485, 570, 660, 840, 

1240, 1650, 2220nm). 
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Figure 150 Simulations of the pre- (left) and post-burn spectral signatures for the low 

density canopy, at the MODIS wavebands. In each case, view zenith angles from 0-60 

are shown. 

 

Given the scene composition (dry grass, bright soil, dry bark) the spectral behaviour is 

dominated by the soil and dry vegetation and dry bark spectral response (see spectral 

components above), so there is no characteristic green vegetation signal. There is a greater 

angular spread at the longer wavelengths, and in the pre-burn case. Following the burn, there 

is not a great deal of shadowing material left, given the dominance of the scenes by the grass 

cover. 

 

Figure 151 below shows the same information for the higher density canopy case. The 

reflectance values are generally lower for the pre-burn case than those above due to the higher 

canopy cover and corresponding reduction in exposed soil. The values are also slightly lower 

in the post-burn case, due to the higher density of grass material remaining. 

 

  

Figure 151 Simulations of the pre- (left) and post-burn spectral signatures for the higher 

density canopy, at the MODIS wavebands. In each case, view zenith angles from 0-60 

are shown. 
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7.6.2.1 Comparison with helicopter-measured spectra, pre and post-fire 

Comparison of measured above-canopy reflectance spectra (from helicopter) with 3D model 

simulations of the default low and high-density configurations are shown below. Figure 152 

shows the pre-fire comparison for the low-density pre-burn plots. Figure 153 shows the same 

for the high density pre-burn plots. Figure 154 and 155 show the cases for the post-fire 

measured and modelled spectra respectively. 

 

 

  

  

Figure 152Comparison of the pre-burn measured and modelled spectra for the lower 

density plots (SNA, SNW). Top left shows all measured spectra for each plot; top right 

shows the mean of all measured spectra; lower left shows a comparison of modelled an 

measured spectra at MODIS wavebands; lower right shows the regressions of these 

comparisons. Modelled spectra are shown for three sun angles, and displaced on the x-

axis for easier comparison. 
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Figure 153Comparison of the pre-burn measured and modelled spectra for the higher 

density plots (PKA, PNU). Top left shows all measured spectra for each plot; top right 

shows the mean of all measured spectra; lower left shows a comparison of modelled an 

measured spectra at MODIS wavebands; lower right shows the regressions of these 

comparisons. Modelled spectra are shown for three sun angles, and displaced on the x-

axis for easier comparison. 
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Figure 154Comparison of the post-burn measured and modelled spectra for the lower 

density plots (SNA, SNW). Top left shows all measured spectra for each plot; top right 

shows the mean of all measured spectra; lower left shows a comparison of modelled an 

measured spectra at MODIS wavebands; lower right shows the regressions of these 

comparisons. Modelled spectra are shown for three sun angles, and displaced on the x-

axis for easier comparison. 
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Figure 155Comparison of the post-burn measured and modelled spectra for the higher 

density plots (PKA, PNU). Top left shows all measured spectra for each plot; top right 

shows the mean of all measured spectra; lower left shows a comparison of modelled an 

measured spectra at MODIS wavebands; lower right shows the regressions of these 

comparisons. Modelled spectra are shown for three sun angles, and displaced on the x-

axis for easier comparison 

 

From these comparisons it can bee seen that there is generally excellent agreement between 

the modelled and measured spectra, in both the pre and pos-burn cases. There is significant 

variability in the measured spectra, caused by spatial variability at the scale of the 

measurements (footprint size of approximately 10m and between 100-500 measurements 

made across each plot) but mainly due to changing illumination conditions (changing sun 

angles and possible cloud cover). In general the measured spectra are fairly flat i.e. a mixture 

of different brownish spectra – soil, dry grass, bark and dry vegetation. The one exception to is 

the Pretoriuskop post fire case in Figure 155, where some green vegetation is observed. In this 

case there is clearly greater contrast between the remaining green trees, and the burned black 

background, which is very dark. It is this scenario where the modelled spectra are noticeably 

too high, although the closest matching spectra are those modelled at SZA 60, which is 

closest to that when the measurements were made. This suggests that more green tree cover is 

required to match these spectra more closely. Other than that, the agreement between 

modelled and measured spectra is very close, with a strong dependence on the solar zenith 

angle, reducing the brightness of the modelled scene with increasing angle due to increased 

shadowing.  
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7.6.3 3D model-simulated BRDF 

The angular signal of the various canopy scenarios was simulated at various solar zenith 

angles (0, 60 shown below) in the solar principle plane. The resulting BRDF shape for the 

high and low-density canopy cases is shown below. Lines are drawn between points on the 

plot in order to enable one waveband to be distinguished from another, particularly in the 

hotspot direction. 

 

 

  

Figure 156 BRDF plots of pre- (left) and post-burn (right) BRDF for the low density 

canopy case. Solar zenith angles of 0 and 60 are shown in each case, for 660, 840 and 

1650nm. 

 

It can be seen from Figure 156 that the BRDF shape changes quite considerably pre- and post-

burn, as might be expected. There is a strong ‗hotspot‘ effect in the retro-reflection direction, 

which is particularly prominent in the 1650nm waveband. The BRDF shapes are very flat for 

the leaf off case, which, given the sparse cover and assumption of a Lambertian soil and with 

many of the trees lying flat, is not surprising. 

 

Figure 157 below shows the same simulations for the higher density canopy. The brightness in 

both the pre- and post-burn simulations is lower than that for the sparser canopy, as noted 

above in the spectral plots. The ‗hotspot‘ feature is even more prominent in the pre-burn case 

here, in terms of the relative increase in reflectance, illustrating the dominance of the ground 

grass cover in determining both the BRDF magnitude and shape in these scenes. 

 

The downward bowl-shape of the reflectance at nadir sun angle suggests a signal dominated 

by the geometric-optic shadowing of the canopy. However the off-nadir sun angle simulations 

although still flat, are more of an asymmetric upward bowl-shape that indicates scattering is 

being dominated by the volumetric scattering components. 
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Figure 157 BRDF plots of pre- (left) and post-burn (right) BRDF for the higher density 

canopy case. Solar zenith angles of 0 and 60 are shown in each case, for 660, 840 and 

1650nm. 

7.6.4 Scattering information 

Further information other than just the total integrated spectral or angular scattering 

(reflectance) can be obtained from the 3D model simulations. In particular, the scattering 

behaviour as a function of scattering order can be calculated. This provides information on 

how closely the scattering behaviour of the scenes can to be approximated from simpler 

radiative transfer models which tend to consider perhaps only the first order of scattering 

analytically, while approximating higher order scattering in some way. The rate of decay of 

the contributions to total scattering as a function of scattering order is determined by the 

structural arrangement of the canopy, and is described by the so-called recollision probability 

theory. There has been considerable recent work on exploiting this theory. Huang et al. (2007) 

provide a review of the fundamental theory; Lewis and Disney (2007) show an application of 

the theory to modelling leaf scattering behaviour. 

 

Figure 158 Contributions to total scattering as a function of scattering order for the low 

(left) and high (right) density canopies. Wavebands 660, 840 and 1650nm are shown in 

each case for the pre- and post-burn scenarios. 
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Figure 158 shows the variation of the scattering behaviour as a function of scattering order for 

the high and low density canopy cases. It can be seen that the scattering contributions drop off 

very rapidly, with 99% of the total scattering in the first two scattering orders in the 660nm 

band, and 98% in the first two scattering orders in the 1650nm band. Ignoring the scattering 

contributions less that 1x10
-6

 where rounding errors and noise in the simulations comes into 

play, we see that this point is reached after quite different numbers of scattering interactions. 

In the post burn cases, the decay is much more rapid, while for the pre-burn cases, notably for 

the 1650nm, this decay is much slower.  

 

As stated above, this relatively well-behaved scattering decay, and more specifically, the 

variations between the different canopy scenarios, will be explored for the possibility of 

developing simpler models of the scattering behaviour. A key advantage of the 3D modelling 

tools is this ability to allow us to deconstruct the canopy scattering signal in great detail. 

7.6.5 Sensitivity analysis 

7.6.5.1 BRDF of grass canopy 

In order to estimate the correct grass cover to use in the simulations, the grass BRDF was 

analysed as a function of density. Initial values used above assumed 25 plants per m
2
, 

corresponding to estimates made in the field, post-burn, where grass stubs remaining after the 

burn were counted (see Figure 149 above for example). In these cases the number of stubs per 

unit area, and the approximate number of stems per stub were estimated.  

 

However, to estimate the correct grass cover i.e. that which yields the same reflectance signal 

as seen in the field, sensitivity analysis of the grass cover was carried out. The BRDF of an 

approx. 3x3m area of grass was measured in the field under clear sky conditions as far as 

possible, using the ASD FSPro Spectroradiometer on a 1.5 boom, from on a ladder, some 

1.5m above the top of canopy.  

 

Two intensive sets of measurements were made of grass canopy reflectance in the low 

(Skukuza) and high (Pretoriuskop) LAI plots. Grass canopy reflectance was measured at 

various view zenith angles of between nadir and 60 (the off-nadir angles were estimated from 

the angle of the mounting boom). Results are shown inFigure 159. It should be noted that the 

data collected at solar zenith angles of 15 were the higher-quality due to the more stable 

nature of the sky conditions on that day (26/10/2008). Conditions for the measurements made 

at zenith angles of 60 were slightly hazier and less stable (intermittent cloud cover). As a 

result, the results from solar zenith angles of 15 are likely to make for a better comparison 

with model simulations. 
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Figure 159 Measured grass BRDF. Left panel shows reflectance of the lower LAI grass 

plot (Skukuza); the right panel shows the same measurements from the higher LAI plot 

(Pretoriuskop). The error bars in each case show 1SD due to multiple measurements 

(minimum of 20 for each angle). 

 

Simulations were carried out of a 3D-modelled grass canopy, varying the grass cover from 10 

to 70 plants per m
2
 spanning a wide range of plant density (observed between 20 and 40). 

Simulations were carried out at view zenith angles of 5, 45; and solar zenith angles of 15 

and 60 (again, spanning observed angles). Simulations were also carried out into and across 

the solar principle plane. The location of the simulated ASD footprint was also varied, with 10 

randomly chosen locations across the grass canopy selected to account for spatial variability 

within the canopy. Reflectance was then simulated for these canopies across the same spectral 

range as for the ASD instrument – 400-2500nm in 10nm steps. Note that in the cases here, 

there was no transmission component for the grass objects. The impact of this is examined 

briefly below.  

 

Figure 159shows simulations as a function of plant density for view zenith angles 5 and 45 

at solar zenith angles of 15 and 60. Figure 160shows the variation of grass BRDF as a 

function of varying solar and view zenith angles for the highest and lowest canopy densities 

only. The measured soil and dry grass spectra used in the simulations are shown in each case.  
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Figure 160 Simulated grass BRDF as a function of density for two view zenith angles (5 

left column; and 45 right column), for solar zenith angles 15(top row) and 60 (bottom 

row). The error bars seen in each case are due to the separate instances of each 

simulation (i.e. spatial variability). 

 

It can be seen from Figure 161 that the increasing view zenith angle increases overall 

reflectance, as well as increasing the difference between the various densities, whereas 

increasing canopy density acts to reduce overall reflectance, due to the increased shadowing 

within the canopy.  
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Figure 161 Simulated grass BRDF as a function of view (left) and solar (right) zenith 

angles, for the lowest and highest plant densities. The error bars seen in each case are 

due to the separate instances of each simulation (i.e. spatial variability). 

The angular effects are dominated by the grass contribution to the scattering, in particular the 

shadowing within the canopy. The angular variation of the signal is determined entirely by the 

changing proportions of sunlit and shadowed soil and grass, as the soil is a simple Lambertian 

(isotropic) surface. 

 

Figure 162 shows comparisons of the modelled against field-measured reflectance as a 

function of the varying modelled grass density. Table 31 summarises the comparison statistics 

including the coefficient of determination (R
2
) and the gradient of the scatter of the 

regressions. 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

265 

 

 

  

  

Figure 162 Comparison of modelled v measured grass reflectance for view zenith angle 

5 (left column) and view zenith angle 45 (right column) for solar zenith angles 15 (top 

row) and 60 (bottom row). 

 

As noted above, the results from the lower solar zenith angle are those considered more stable. 

It can be seen fromFigure 162 that in the near-nadir case, the canopy density giving the closest 

match to the observed reflectance data is 30 m
-2

; from the 60 solar zenith angle case it is 

between the 30 and 40 plants m
-2

 cases. 
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Density (plants per m
2
) LAI R

2
 Gradient 

10 0.16 0.88 0.65 

20 0.33 0.92 0.81 

30 0.49 0.95 0.99 

40 0.65 0.96 1.17 

50 0.81 0.98 1.35 

60 0.98 0.99 1.52 

70 1.14 0.99 1.71 

Table 31 Regression parameters as a function of grass density, view zenith angle 5, solar 

zenith angle 15. 

 

 

Density (plants per m
2
) LAI R

2
 Gradient 

10 0.16 0.85 0.59 

20 0.33 0.91 0.76 

30 0.49 0.95 0.94 

40 0.65 0.97 1.11 

50 0.81 0.98 1.24 

60 0.98 0.99 1.35 

70 1.14 0.99 1.43 

Table 32 Regression parameters as a function of grass density, view zenith angle 45, 

solar zenith angle 15. 

 

It can be seen that both the R
2
values and the gradient increase with increasing density. This is 

a function of the scaling of the amount of sunlit and shaded grass and soil viewed in each case, 

at the different view angles. The choice of optimum matching density would vary depending 

on whether the gradient or the R
2
 value is used as the criteria for selection. Given that the R

2
 

values rise to beyond 0.9 quite rapidly (unsurprisingly), the gradient is likely to be the best 

determinant, as the scene spectral reflectance is simply a mixture of the soil and grass 

components, so it is the scaling of these values that is most important. This is determined by 

the amounts of the sunlit and shaded components of each (i.e. the BRDF), which is 

represented by the changing gradient of the regression. Given this criterion, the grass density 

would appear to be best modelled by a density of 35 plants per m
2
.  

 

Figure 163 shows the various scene component contributions to the simulated canopy 

reflectance values given above i.e. in this case, sunlit and shaded soil and grass. As inferred 

form the signal above, the scene reflectance is dominated at low density by the sunlit soil 

component, particularly for the near-nadir case. As the canopy density rises, the proportion of 

visible soil, sunlit or otherwise decreases to near zero for 70 m
-2

, and the canopy signal 

becomes a combination of the sunlit and shaded grass, with the sunlit component effectively 

twice that of the shaded components. This is a function of the lack of transmittance through 

the grass stems as mentioned above.  
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Figure 163 Proportional contribution to the total scattering of the four scene components 

sunlit and shaded canopy and soil, as a function of canopy density. The error bars in 

each case represent 1 about the mean due to the separate instances of each simulation 

(i.e. spatial variability). 

 

7.6.5.2 Impact of transmittance on BRDF of grass canopy 

For the initial grass BRDF simulations, transmittance was ignored as the grass is modelled as 

cylinders of 0.5cm diameter and transmittance will tend to be low. However, even low 

transmittance may have an impact on the reflectance signal, particularly in a forward 

scattering direction, given the amount of grass in the scenes. Sensitivity analysis was 

undertaken to examine this impact. Transmittance of the grass was modelled using the 

modified PROSPECT model of Jacquemoud et al. (1995), modified to include various 

additional absorption pigments including senescent material and dry matter. The model was 

run over a range of parameter values to find the best match to the measured dry grass 

reflectance spectra (which in fact includes some transmittance as it was measured using the 

contact probe on a stack of grass stems). In particular, the amount of dry matter and the 

structural parameter, N (the number of scattering layers in the media) were varied. The 

pigment concentration and N values given the closest match to the measured spectra in terms 

of R
2
 were chosen and the corresponding transmittance values were included in the same 

BRDF simulations as shown above, with the addition of forward scattering simulations i.e. at 

view zenith 50, solar zenith 60 but with the view into the sun direction i.e. view azimuth 180. 

In the librat model, transmittance through a cylinder is handled by displacing a ray hitting the 

surface of a volume (a cylinder in this case) through to the opposite side of the solid, and then 

sampling the diffuse transmittance field from that exit point. Figure 164 shows the results. 
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Figure 164 Contribution of scene components to scene reflectance including 

transmittance for backscattering direction (left) and forward scattering direction (right). 

The error bars in each case represent 1 about the mean due to the separate instances of 

each simulation (i.e. spatial variability). 

It can be seen for the backscattering case that the scene component reflectance follows the 

same pattern as for that with no transmittance. However, in the forward scattering case, the 

diffuse shaded grass component (as a result of transmittance) makes up the largest single 

scene component in all cases except density 10m
-2

, at the expense of the shaded grass 

reflectance component.  

 

There is a remaining issue currently being tested regarding the implementation of the 

mechanism for transmittance of radiation through the cylinders. Currently, the scattering from 

the grass canopy in the forward direction i.e. looking into the sun, is too low (compared to the 

field measurements). This is possibly due to the way radiation is attenuated through what is 

defined as a ‗solid‘ scattering primitive in librat (a closed cylinder in the case of the grass 

canopy). This is under testing to assess whether the current transmittance implementation is 

responsible for the low forward scattering and whether this can be altered for greater 

scattering in the forward direction. 

7.6.5.3 Canopy gap fraction from hemispherical simulations: grass and 

trees 

In order to assess the required density of tree cover for the 3D model simulations, the canopy 

gap fraction of the various canopies was simulated using the 3D models, over a range of tree 

cover. For the two base cases (low and high densities, leaf on and off) simulations of the 

canopy gap fraction were carried out by simulating the hemispherical view above a ―camera‖ 

placed on the surface (actually at 0.2m to represent the physical size of the camera) and above 

the understorey grass cover. Examples of these hemispherical simulations are shown in the 

figures below. In each case, the black pixels represent canopy gaps i.e. directions in which 

light can enter/escape the scene. The gap fraction can be calculated from these simulations as 

the proportion of gaps to occluded pixels. Figure 165 and 166 show examples of the gap 

fraction simulations above and below the understorey. 
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Figure 165 Example simulated gap fraction images of the low density, leaf on canopy 

from (see tables 5, 6 below). Images in top row are from 0.2m above the ground (i.e. 

including grass and tree canopy); in the lower row from 1.5m above the ground (i.e. 

above grass canopy but from same location). 

 

    

    

Figure 166 Example simulated gap fraction images of the high density, leaf on canopy 

from (see tables 5, 6 below). Images in top row are from 0.2m above the ground (i.e. 

including grass and tree canopy), in the right column 1.7m above the ground (i.e. above 

grass canopy but from same location). 
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Low density, leaf on 0.46, 0.038 

Low density, leaf off 0.97, 0.012 

High density, leaf on 0.36, 0.04 

High density, leaf off 0.93, 0.04 

Table 33 Mean and SD of canopy gap fraction from 0.2m above ground. 

 

Low density, leaf on 0.99, 0.003 

Low density, leaf off 0.99, 0.003 

High density, leaf on 0.95, 0.04 

High density, leaf off 0.95, 0.04 

Table 34 Mean and SD of canopy gap fraction from 1.7m above ground. 

 

These results indicate the impact of the overstorey and understorey vegetation on the canopy 

gap fraction. A systematic analysis of the impact of tree stem density on the overstorey 

component is presented below. 

7.6.5.4 Sensitivity analysis of 3D tree structure: gap fraction 

To estimate the proportion of tree cover required to accurately simulate the plot reflectance, 

simulations of the hemispherical gap fraction of various tree densities were carried out, 

covering the range 400 - 2000 trees ha
-1

. This compares with the measured range of tree values 

of between 600 and 1650 trees ha
-1

 (see section 6).  

 

Plots of 100 x 100m were simulated at the given tree densities, with trees located randomly 

within each plot. Simulations were carried out every 10m along a 100m transect in each plot, 

as well as at the centre. The transect sapling mimics the measurements made in the field and 

will include the same spatial autocorrelation in the hemispherical photography due to a large 

tree appearing in successive photographs along the transect. This would not be the case for 

randomly located simulations. Simulations were carried out with the camera facing up at 1.7m 

above the surface (1.5m for the height of the operator, plus 0.2cm for the camera size itself). 

Figure 167 shows examples of transects of the hemispherical simulations. Table 35 shows the 

estimated gap fraction calculated from these simulations as a function of tree density, as well 

as the corresponding green LAI and total plant area index (PAI) i.e. the total occluding 

material visible in each simulated image. Figure 168 shows the variation of gap fraction with 

tree density. 
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Figure 167 Examples of hemispherical simulations along a transect through the sparsest 

(top: 400 trees ha
-1

) and most dense (2000 trees ha
-1

) canopy scenarios. Each image is 

separated from the previous one by 10m along a transect (the transect direction is 

vertically from top to bottom in each image). 

Tree density (ha
-1

) Gap fraction (mean, ) LAI PAI 

400 0.85, 0.08  0.17 0.20 

600 0.80, 0.07 0.27 0.31 

800 0.72, 0.08 0.35 0.40 

1000 0.67, 0.09 0.44 0.51 

1200 0.68, 0.11 0.53 0.61 

1400 0.57, 0.12 0.61 0.71 

1600 0.53, 0.07 0.71 0.82 

1800 0.49, 0.16 0.80 0.92 

2000 0.42, 0.08 0.89 1.03 

Table 35 Variation of gap fraction, LAI and PAI as a function of tree density. Those 

marked in bold show the approximate values of tree density measured in the low and 

high density plots in the field (see section 6). 
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Figure 168 Canopy gap fraction as a function of tree density for the hemispherical 

simulations. 

 

As can be seen from the table and figures above, the modelled canopy gap fractions (not 

including grass in these cases) range from 0.86 at the lowest density, to 0.42 for the highest. 

For the tree densities most closely corresponding to the field measurements, the modelled gap 

fraction is approximately 0.76 for the low density case, compared with the measured values of 

around 0.9. For the higher density case, the modelled gap fraction is 0.55-0.65, compared to 

the measured values of around 0.8. This suggests the gap fraction estimated from the 3D 

models is somewhat higher for the corresponding tree stem density than the measured values. 

However, the 3D modelled estimates are likely to be lower than the measured values for the 

reasons discussed above, particularly compared to the LAI2000 measurements. The 

corresponding LAI, PAI values agree reasonably well with the LAItrue values estimated from 

the hemiphotos i.e. between 0.3 and 0.6 although they are an overestimate (corresponding to 

the underestimates of gap fraction). This is not surprising as the model-calculated values of 

LAI and PAI are derived from the 3D structural models directly and include every model 

facet. As a result they will tend to be much larger than those derived from hemiphoto 

estimation, where the analysis is based on the various structural assumptions described in 

section 2, but also limited by the resolution at which the hemiphoto analysis is carried out. 

Smaller branches and foliage elements will always be under-represented in these estimates.  

 

To assess the impact of the uncertainty introduced by the CanEYE processing, and to confirm 

the assessment from the 3D model simulations of gap fraction, a selection of the 3D model-

simulated ―hemiphotos‖ were processed using CanEYE. Figure 169 shows the results of this 

analysis.  
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Figure 169 Gap fraction from 3D model simulations compared with CanEYE analysis 

(left); corresponding comparison of LAI, PAI (right). 

 

It can be seen that the gap fraction (GF) from the CanEYE analysis of hemispherical images 

tends to be higher than from the simulations directly ("true" GF in this case), for reasons 

described above, particularly at higher canopy density (higher LAI) i.e. lower GF. This 

suggests that when comparing 3D model values to values estimated from the hemiphotos 

taken in the field, we should correct GF as follows: 

 

𝐺𝐹𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 =  𝐺𝐹𝐶𝑎𝑛𝐸𝑦𝑒 − 0.15 /0.86       (7.1) 

 

Correspondingly, LAI/PAI should be corrected as follows: 

𝐿𝐴𝐼𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 =  𝐿𝐴𝐼𝐶𝑎𝑛𝐸𝑦𝑒 − 0.05 /0.79       (7.2) 

 

As a result of these corrections, LAI values estimated from the hemiphotos for the lower 

density plots range from 0.14 to 0.42, corresponding to the model tree density of 400-800 ha
-1

; 

for the high density plots, LAI ranges from 0.33 to 0.63, corresponding to model tree density 

of 700-1400 trees ha
-1

. These values are used to determine the final simulations, where 

densities of 500, 1000 and 1500 trees per ha
-1

 are used, with a greater proportion of the larger 

Marula species used in the dense plots. 

7.6.6 Additional 3D scenes 

As described above, a range of additional 3D scenarios were developed, spanning a much 

wider range of tree and understorey conditions than those seen in the two core cases used here 

for testing the feasibility of the 3D approach. Examples of these are shown below. The figures 

illustrate two things: firstly, that the 3D scenes can represent the type of cover seen in the field 

plots well; and secondly illustrate how the change in understorey signal will tend to dominate 

the burn signal, moderated by the ‗blocking factor‘ of the overstorey shadowing. 
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Figure 170 Low tree (600 ha
-1

) and grass density (5 plants per m
2
), shown pre- and post-

fire, simulated using the librat model at visible RGB wavelengths, and with a view zenith 

angle of 50, a solar zenith angle of 45 and a solar azimuth angle of 90. The 

understorey canopy is replaced with small charred plants in the post-fire case. 

  

Figure 171 As above but for grass density (10 plants per m2), shown pre- and post-fire. 

  

Figure 172 As above but for grass density 20 plants per m
2
, shown pre- and post-fire. 
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Figure 173 As above but for grass density 40 plants per m
2
, shown pre- and post-fire. 

  

Figure 174 As above but for grass density 60 plants per m
2
, shown pre- and post-fire. 
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Figure 175 High tree density (1400 ha
-1

) and low grass density (5 plants per m
2
), shown 

pre- and post-fire. 

  

Figure 176 As above but for grass density (10 plants per m
2
), shown pre- and post-fire. 

  

Figure 177 As above but for grass density 20 plants per m
2
, shown pre- and post-fire. 
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Figure 178 As above but for grass density 40 plants per m
2
, shown pre- and post-fire. 

  

Figure 179 As above but for grass density 60 plants per m
2
, shown pre- and post-fire. 
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Figure 180 Larger version of the low tree density (600 ha
-1

) case, 

with grass density 60m
-2

, pre-fire. 

 

Figure 181 Larger version of the low tree density (600 ha
-1

) case, 

with grass density 60m
-2

, post-fire. 
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Figure 182 Larger version of the high tree density (1400 ha
-1

) case, with grass density 

60m
-2

, pre-fire. 

 

Figure 183 Larger version of the high tree density (1400 ha
-1

) case, with grass density 

60m
-2

, post-fire. 
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7.7 Estimation of FCC from 3D model results 

The detailed 3D models were used to simulate canopy for a range of structural pre- and post-

fire canopy scenarios as described above. In order to provide a realistic post-fire reflectance 

signal (the ‗burn‘ signal) these scenes were modified to place a ‗char‘ spectra on the surface 

surrounding the grass plants. To do this, material maps were generated, in the same way as the 

tree buffer regions were generated to simulate gaps around the tree structural models as 

described above. In this case, each grass plant was buffered, leaving a region around each 

grass plant in which a new surface material could be mapped. Examples of the soil material 

maps are shown below. 

 

  

  

Figure 184 Example material maps for mapping char spectra onto the soil surface: tree 

density of 600 ha
-1

 (top row) and 1400 ha
-1

 (bottom row) with grass density of 10m
-2

 (left) 

and 40m
-2

 (right) in both cases. Black pixels are where char spectra are present in the 

resulting simulations. 
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A range of various char and char-affected soil backgrounds were mapped onto the surface at 

these locations, and the canopy was simulated for a range of angular and spectral 

configurations, and for three different locations (instances) in each configuration. This 

mapping effectively imposes the burn signal onto the background surface. The spectra used 

are shown below, including the –pre-fire dry grass spectra and char spectra measured using 

field radiometry in KNP. 

 

 

Figure 185 Measured spectra used in the pre- and post-fire simulations of canopy 

scattering, showing the dark measured char spectra. 

 

Following this, simulations were carried out across a range of tree and grass densities as 

above, but for different char spectra. These simulations were then used to test the linear model 

approach for describing the burn signal as a function of fcc, as developed and demonstrated 

above. The linear model, fitted against our ‗observed‘ (Actually 3D modelled) canopy allows 

us to calculate an estimate of fcc for the various cover and angular configurations, as well as 

demonstrating the skill of the forward modelled reflectance i.e. 

 

𝜌− = 𝑓𝑐𝑐 𝜌𝑎 𝜆 − 𝜌𝑏 𝜆  + (1 − 𝑓𝑐𝑐)𝜌− 𝜆       (7.3) 

 

 

The scene cover fraction was varied as described above (tree cover 600, 1000, 1400 ha
-1

 and 

grass cover from 5-60 m
-2

, but only 10 & 20 shown here). This results in scene cover fraction 

as shown below. Note that the total scene cover actually reduces slightly with increasing tree 

cover, due to the removal of grass plants surrounding the trees. 
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Figure 186 Scene cover fraction as a function of grass plant density, for 3 different tree 

densities. 

 

Examples of the pre- and post-fire scene simulations are shown below. 

 

  

  

Figure 187 Examples of pre- and post-fire simulations for the 600ha-1 tree cover, 20 

grass plants per m-2 case. The left panels show 50 x 50m areas of the modelled canopy, 

the right hand panels show 20 x 20m zoom-in regions (view zenith and azimuth angles 

are 75 and 50 respectively; sun zenith and azimuth angles are 45 and 30 

respectively). 
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Figure 188 Examples of pre- and post-fire simulations for the 600ha
-1

 tree cover, 20 grass 

plants per m
-2

 case. The viewed area is ~80 x 80m (view zenith and azimuth angles are 

50 and 0 respectively; sun zenith and azimuth angles are 45 and 110 respectively). 
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Figure 189 As above, but zoomed in to a viewed area of ~20 x 20m. 
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Figure 190 As above, but zoomed in to a viewed area of ~3 x 3m. 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

286 

It can be seen from the figures above, that as the zoomed area becomes smaller, the resolution 

of the char maps generated from the height images becomes apparent in the pixilation of the 

background soil map. 

7.7.1 Comparison of pre-fire simulations with CHRIS data from 
08/11/2008 

The figure below shows a comparison of 3D modelled pre-fire simulations with the CHRIS 

data from 08/11/2008. In the first instance, a spectral comparison is shown for three of the 

four available view angles (one angle was not acquired and one angle was poorly registered in 

this case). A comparison is shown between the mean CHRIS value across all pixels in the pre-

fire plots (48 pixel locations) with 3D simulations carried out at the same sun and view angles 

and pixel size, averaged across four instances selected randomly within the model plots in 

each configuration.  

 

 

Figure 191 Comparison between the CHRIS and 3D modelled spectra for a pre-fire case, 

and for three viewing and illumination configurations. The error bars are (1SD around 

the mean in each case due to the spatial variation in both observations and simulations. 

 

 

Figure 192As above but presented as the scatter between modelled and observed values 

across all cases. The error bars are (1SD around the mean in each case due to the spatial 

variation in both observations and simulations. 
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It can be seen that the 3D models generally agree well with the CHRIS observations, but with 

a slight overestimate in the visible and then an underestimate in the NIR. Note this is mean 

across 48 plots for CHRIS data. The figure below presented an angular comparison between 

the 3D modelled and CHRIS data for the visible red and NIR bands.  

 

 

Figure 193 Comparison between the CHRIS and 3D modelled reflectance values at red 

and NIR wavebands averaged across all spatial samples at three viewing angles. The 

error bars are (1SD around the mean in each case due to the spatial variation in both 

observations and simulations. 

 

The figure above shows the modelled and measured values again agree in their angular 

variation of reflectance (BRDF shape) and show the behaviour that would be expected in an 

environment dominated by shadowing of objects on a bright background i.e. dominated by the 

GO component of surface reflectance. This tends to lead to a downward ‗bowl-shape‘ i.e. 

higher reflectance at viewing angles where viewed shadow is minimised, falling away with 

increasing view angle either side of the sun angle due to an increase in the viewed shadow. 

Clearly, this effect will be somewhat different in the post-fire cases where we see from both 

simulations and from aerial photography that there is likely to be mostly char on the 

background, but there can be patches of visible, bright soil. 

 

The spectral and angular comparisons shown here (and for the MODIS cases and ASD-

measured spectral data shown above) provide evidence that the detailed 3D model simulations 

are capable of reproducing observations across a wide range of structural, spectral and angular 

configurations.  
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7.7.2 FCC retrieved as a function of cover and angle for full spectrum 

The figures below show the spectral behaviour of the pre- and post-fire 3D model simulations 

(‗observations‘ here) along with the linear model retrieved values of fcc, the  (i.e. pre - 

post), the estimated burn signal and the forward-modelled reflectance. In each case examples 

are shown from hotspot configuration at solar zenith angles of 0, 30 and 60, and from the 

corresponding forward scattering cases (solar zenith angles of 30 and 60, but with relative 

azimuth of 180). Only examples of tree density 600ha
-1

 are shown here, as the difference in 

total canopy cover from the higher tree density cases is not great (see above) due to the 

majority of the cover arising from the grass. It is the transition of the surface from grass to no 

grass and the addition of the ‗char‘ spectra that provides the majority of the burn signal. 
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Figure 194 Fits of linear model against 3D-modelled reflectance across the full spectrum for 

grass density 5 plants m
-2

. Top to bottom, solar zenith angles are 0, 30 and 60. The left 

column shows hotspot configurations (i.e. vz = sz) and the right column shows anti-hotspot 

configurations (i.e. vz = -sz). 

 

 

 

  

  

Figure 195 Fits of linear model against 3D-modelled reflectance across the full spectrum for 

grass density 20 plants m
-2

. Top to bottom, solar zenith angles are 0, 30 and 60. The left 

column shows hotspot configurations (i.e. vz = sz) and the right column shows anti-hotspot 

configurations (i.e. vz = -sz). 

 

These figures show that, as expected, the strong angular component of the signal means that 

the overall reflectance signal is very much higher in the backscattering than the forward 
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scattering direction, increasing with view and sun angle (dominated by volume scattering 

here). In the forward scattering direction (right columns) the signal is much lower (attenuation, 

shadowing) and thus the difference between the pre- and post-fire signal is much less. The 

contrast between the two grass densities shows the impact of the exposed soil char 

background, where the post-fire signal can actually be higher than the pre-fire case at higher 

view zenith angles (very little viewed burned canopy or visible char, shadowing / 

transmittance minimal).    

 

In general, the effectiveness of the linear model approach is clearly demonstrated in this case 

(full waveband reconstruction), with all r
2
> 0.99 and RMSE of model fit < 1x10

-4
. This is not 

necessarily the case for reduced waveband sets as shown below. 

 

 

7.7.3 FCC retrieved as a function of cover and view angle for MODIS 
wavebands 

As above, but this time the linear model inversion is carried out against the 3D model 

simulations for only the subset of MODIS wavebands. Results are shown in each case for the 

grass density of 20 plants m
-2

 only. 
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Figure 196Fits of linear model against 3D-modelled reflectance at MODIS wavebands for 

grass density 20 plants m
-2

. Top to bottom, solar zenith angles are 0, 30 and 60. The left 

column shows hotspot configurations (i.e. vz = sz) and the right column shows anti-hotspot 

configurations (i.e. vz = -sz). 

It can be seen from these results that a very similar pattern of behaviour is observed in the 

model retrievals and forward model predictions for MODIS wavebands as for the full 

spectrum case i.e. in this case, the MODIS wavebands allow prediction accurate 

reconstruction of the forward modelled signal from the pre-fire and post-fire 3D model-

simulated ‗observations‘.  

 

7.7.4 FCC retrieved as a function of cover and view angle for MERIS 
wavebands 

As above, but this time the linear model inversion is carried out against the 3D model 

simulations for only the subset of MERIS wavebands. Results are shown in each case for the 

grass density of 20 plants m
-2

 only. 
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Figure 197Fits of linear model against 3D-modelled reflectance at MERIS wavebands for 

grass density 20 plants m
-2

. Top to bottom, solar zenith angles are 0, 30 and 60. The left 

column shows hotspot configurations (i.e. vz = sz) and the right column shows anti-hotspot 

configurations (i.e. vz = -sz). 

It can be seen from these results that although the forward model reconstructions are accurate, 

the predicted burn signal tends to be negative, particularly in the backscattering cases, due to 

the lack of information beyond 900nm to constrain the linear model to provide a solution for a 

positive burn signal.   

7.7.5 FCC retrieved as a function of cover and view angle for CHRIS 
wavebands 

As above, but this time the linear model inversion is carried out against the 3D model 

simulations for only the subset of CHRIS wavebands. Results are shown in each case for the 

grass density of 20 plants m
-2

 only. 
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Figure 198Fits of linear model against 3D-modelled reflectance at CHRIS wavebands for 

grass density 20 plants m
-2

. Top to bottom, solar zenith angles are 0, 30 and 60. The left 

column shows hotspot configurations (i.e. vz = sz) and the right column shows anti-hotspot 

configurations (i.e. vz = -sz). 

 

The results here follow a similar pattern to those using the MERIS bands, for the same reasons 

– the lack of constraining information beyond the NIR, where the behaviour can change quite 

significantly (see the full spectrum cases). 
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7.7.6 Summary of fcc values from fitting linear model, mapping through 
uncertainty: grass only 

Results shown below summarise the retrieved fcc values obtained from fitting the linear model 

approach to the 3D model-simulated ‗observations‘, and include the uncertainty in the 

retrieved fcc values due to spectral weighting of the observations. For MODIS, these values 

are taken from Roy et al., but for the full spectrum, MERIS and CHRIS cases these are 

assumed uniform. The values of fcc for the 3D model simulations represent the ‗true‘ values, 

calculated from the proportion of illuminated charred material in the scene, relative to the total 

illuminated material. 

 

  

  

 

 

Figure 199Estimates of fcc from fitting linear model to 3D model-simulated observations, 

across the full spectrum, for all grass densities.The multiple points at each view angle arise 

from the 3 solar zenith angles (0, 30 and 60), and the error lines in the linear model case are 

the uncertainty in retrieved fcc mapped through from the inversion. 
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It can be seen from these results that for the full spectrum case, the linear model generally 

overestimates fcc, particularly when the char signal is very small (low grass density cases). 

However, as the signal gets larger, and the charred signal dominates, the linear model-derived 

estimates of fcc become much closer to the observed values, albeit with continued 

overestimates. There is a strong angular effect (as seen previously for the simple GORT 

modelling cases), and uncertainty in this case is uniform due to the assumed uniform 

uncertainty across the spectrum. Results below show the summary fcc retrievals for each of 

the band configurations.  

 

  

  

 

 

Figure 200 Estimates of fcc from fitting linear model to 3D model-simulated observations, for 

MODIS wavebands, for all grass densities. 
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Figure 201 Estimates of fcc from fitting linear model to 3D model-simulated observations, for 

MERIS wavebands, for all grass densities. 
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Figure 202 Estimates of fcc from fitting linear model to 3D model-simulated observations, for 

MERIS wavebands, for all grass densities. 

 

The MERIS and CHRIS waveband configurations show that fcc retrievals are not stable for 

low grass densities i.e. small char signal, and uncertainties are large throughout (albeit with 

artificial, non-spectrally weighted uncertainty). However, as the grass density (and hence fcc) 

approaches 1, the linear model retrieved values are in generally good agreement. 

 

7.7.7 Summary of fcc values from fitting linear model, mapping through 
uncertainty: trees and grass 

Results shown below summarise the retrieved fcc values obtained from fitting the linear model 

approach to the 3D model-simulated ‗observations‘ for combined tree and grass canopies, and 

include the uncertainty in the retrieved fcc values due to spectral weighting of the 

observations. For each case, the two tree densities are low = 600 trees ha
-1

 and high = 1400 

trees ha
-1

. 

 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

298 

  

  

 

 

Figure 203Estimates of fcc from fitting linear model to 3D model-simulated observations, 

across the full spectrum, for all grass densities and for two tree densities.The multiple points at 

each view angle arise from the 3 solar zenith angles (0, 30 and 60), and the error lines in 

the linear model case are the uncertainty in retrieved fcc mapped through from the inversion. 

 

It can be seen from these results that for the full spectrum case, the linear model generally 

overestimates fcc by about 0.2 across the board i.e. the overestimation is much smaller than 

for the grass-only cases above. Results below show the summary fcc retrievals for each of the 

band configurations.  
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Figure 204 Estimates of fcc from fitting linear model to 3D model-simulated observations, for 

MODIS wavebands, for all tree and grass densities. 
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Figure 205 Estimates of fcc from fitting linear model to 3D model-simulated observations, for 

MERIS wavebands, for all grass densities. 
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Figure 206 Estimates of fcc from fitting linear model to 3D model-simulated observations, for 

CHRIS wavebands, for all grass densities. 

 

It can be seen from the MERIS and CHRIS results that the linear model retrievals here can be 

large underestimate, with the nadir viewing cases being those closest to the 3D model values. 

The uncertainty is often large and the inversions are not particularly stable (albeit with 

artificial, non-spectrally weighted uncertainty).  

 

7.7.8 Summary and interpretation of fcc values from fitting linear model 

Results show that in general that linear model fits the 3D model simulated ‗observations‘ quite 

well, with caveats. Unsurprisingly, the model struggles to cope with situations that do not 

correspond to its underlying assumptions, particularly when there are significant proportions 

of bright soil exposed which were not visible pre-fire. These situations are strongly dependent 

on the view and illumination configurations, the understorey density, and the degree to which 

bare soil is visible around scene components which do not burn, particularly large trees. These 

objects act to block out the view of the bare soil at view angles close to nadir, but can provide 

significant areas of exposed soil at off-nadir view angles, which become particularly important 

in considering the post-fire cases. 

 

The spectral behaviour of the linear model in the above cases shows that, although the model 

can fit a variety of spectral configurations, where there is no information beyond the NIR for 

example, the retrieved burn signal (and associated fcc, and model parameters) are not useful. 

Here, the model fits due to the high pre- and post-fire spectral correlation of the (simulated) 

signal, which is approximately linear in the visible and NIR. If information is available in the 

SWIR, then the linear model is able to reconstruct the observed signal generally very well, and 

the estimates of fcc are stable, tending to over-estimate compared to the true values (derived 

from the 3D models). 

 

For the full-spectrum and MODIS wavebands the linear model is able to reconstruct the 

observed signal very well (RMSE < 1x10
-5

), and the estimated ‗burn‘ signal is well-behaved, 

even for the forward-scattering cases, where shadow is at a maximum (although overstorey 

shadowing is not particularly great). For the CHRIS and MERIS wavebands however, 

although the model still fits relatively well, the burn signal is not well-behaved, typically 

declining monotonically with wavelength and often going negative for off-nadir viewing.  
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7.7.8.1 Reasons for overestimation of fcc by linear model 

The overestimation of fcc occurs because of two things. Firstly, the contrast compensation 

term that arises as a result of scattering interaction between affected an unaffected materials 

adds approximately 0.1 to the retrieved fcc values, as shown in section 3.3.4. However, we 

also see in some cases, particularly in the grass-only canopies, that the assumption that the 

fire-affected components in equation (3.10) i.e. 

 

- - + = fcc(a – b) 

 

are the only things that ‗burn‘ from pre to post is not always met. In the grass-only canopies 

although all vegetation is affected by the burn, bare soil can be exposed particularly in the low 

grass density cases. The linear model fit will compensate for the fact that the quadratic model 

(equation 3.14) does not represent the forward-modelled post-fire signal particularly well e.g. 

when the post-fire signal is essentially a near linear function e.g. the soil char in the 3D 

simulations here. In this case a quadratic with a maximum around 2000nm will tend to 

underestimate at shorter and longer wavelengths, and overestimate in between. This is 

compensated by increasing fcc.   

 

This overestimate can be simply compensated for by adding a third term to the quadratic 

function, which is linear in wavelength i.e. the quadratic model is now a three term, second-

order polynomial function of wavelength i.e. 

 

𝑓1 𝜆 = 𝑎0 + 𝑎1  2𝜆 −
𝜆2

𝜆𝑚𝑎𝑥
 + 𝑎2

𝜆

𝜆𝑚𝑎𝑥
       (7.4) 

 

This is justified by the fact that the post-fire signal (particularly in these cases) may take on a 

linear form just as well as a quadratic form, particularly if everything vegetated burns and 

turns to char as here. 

 

Figure 207below shows an example of this for the grass-only canopy, grass density of 40m
-2

 

(i.e. close to the measured values) where 3D fcc = 0.98, and the 2 parameter linear model 

estimate of fcc is 1.2. In this case, the addition of the third term in the quadratic reduces the 

linear model estimate of fcc by 0.2 to 0.99, very close to the actual value. 
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Figure 207 Figure showing the difference between the 2 parameter and 3 parameter quadratic 

model fit for the post-fire reflectance signal, for a grass only canopy of density 40 plants m
-2

. 

 

Using the 3 parameter quadratic expression, the fcc comparisons for the grass-only and the 

tree and grass canopies for all wavebands are shown below. 
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Figure 208Estimates of fcc from fitting the linear model with 3 parameter quadratic, to the 3D 

model simulations, for grass-only canopies for all grass densities (5, 10, 20, 40, 60 m
-2

). 
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Figure 209 Estimates of fcc from fitting linear model to 3D model-simulated observations, for 

all wavebands, for all grass densities (5, 10, 20, 40, 60 m
-2

) and for two tree densities (low = 

600 ha
-1

; high = 1400 ha
-1

). 

In these cases it can be seen that the linear model retrieved values of fcc are very much closer 

to those of the 3D case. In the grass-only case, the overestimation is about the same or worse 

for the very low grass densities, but as the density increasers the overestimation falls to zero. 

The overestimation of fcc by the linear model is much greater at off-nadir angles than at nadir. 

Figure 210below summarises these results, showing the absolute difference between the linear 

model estimates of fcc with and the 3D model-derived fcc for the 2 and 3 parameter quadratic 

fits, as a function of grass and tree density for the full spectrum cases. It can be seen that the 3 

parameter cases are generally a much smaller overestimate, particularly at the high and low 

density cases than for the 2 parameter inversions. 
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Figure 210 Absolute difference of fcc values derived from the linear and 3D models, for the 2 

and 3 parameter quadratic in the linear model fits, for all tree and grass densities. 

 

There are a few outlier cases (i.e. for the grass-only cases for grass density < 20 plants m
-2

 

particularly at large view zenith angles) where the difference between the linear model and the 

3D model estimates of fcc are much larger than expected (greater than the 0.1-0.2 expected 

from the contrast compensation term and from the assumption that pre is not actually = 

affected). This is due to the fact that in these low cover grass-only cases, the post-fire 

reflectance is actually significantly brighter than the pre-fire case due to the exposure of large 

amounts of bright soil. This is highlighted below where we see the component reflectance 

terms comprising the scene reflectance, and an image illustrating the pre- and post-fire 

reflectance visually for an example case of 5 plants m
-2

 for a view angle of -75 i.e. low view 

angle looking into the solar direction. In this case, the pre-fire scene is dominated by the 

(viewed) sunlit leaf reflectance and transmittance, comprising 44% and 40% of the total 

illuminated scene components respectively. Post-fire scene reflectance comprises 67% sunlit 

soil with most of the remained being burned material. As a result, the scene reflectance is 

unsurprisingly slightly higher than the pre-fire scene. In practice this type of scenario is highly 

unlikely as there will rarely be a measurable burn signal will occur in such a low cover area, 

and in such a low viewing angle case. 

 

 

 

 

 

Figure 211 Left: component spectra for pre- and post-fire grass-only simulations. Right: low 

grass density (5 plants m-2) simulations for pre- and post-fire (top and bottom respectively) 

for view zenith angles of -75 i.e. extreme forward scattering direction, illustrating why post-

fire signal is higher than the pre-fire signal. 

This case then proves to be a very hard situation, unsurprisingly, for the linear model to 

provide realistic estimates of fcc. We see below that in this case clearly affectedburnand so it 

is not surprising that the linear model fails to retrieve realistic fcc in this case. 
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Figure 212 Illustration of the 3D scene-simulated components extracted from the above 

simulations. In this case the actual fcc is 0.265, and the resulting affectedand burnare derived 

from the preand postassuming this value. 

We see from the figure below that although the linear model can fit the observed burn signal 

in this case, it does so by producing unrealistic estimates of fcc, although it should be noted 

that the values derived using the 2 parameter burn model are lower (closer to the actual value 

of 0.265) than those derived from the 3 parameter case. 

 

 

Figure 213 Illustration of the consequences of fitting the linear model in the case described 

above where the post-fire reflectance exceeds the pre-fire, and the resulting burn signal is 

larger than either, yielding unrealistic estimates of fcc in each case (0.68 and 0.81 for 2 and 3 

parameters respectively). 

 

7.7.9 Summary of linear model approach tested using the 3D modelling 

Theabove canopy analysis, including sensitivity analysis of the various tree and grass 

components suggests the appropriate tree stem densities to use in the 3D model simulations 
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are close to those measured in the field during surveying. Tree cover was estimated through 

the analysis of hemispherical simulations of the canopy gap fraction. This indicated that tree 

density of between 600-800 stems ha
-1

 for the lower density plots surveyed, and 1200-1500 

stems ha
-1

 for the higher density plots gave the closest approximation to the PAI and gap 

fraction values estimated in the field from ground survey measurements and hemispherical 

photographs. Spatial variability in field-derived estimates of gap fraction and PAI, as well as 

bias due to the processing assumptions, were characterised using the 3D model simulations.  

 

Understorey grass plant density was estimated by matching field-measured BRDF data to 3D 

model simulations of the understorey grass component, modelled as volumetric cylinders. A 

planting density of 30-40 m
-2

 gave the closest match to observed BRDF. This grass planting 

density is somewhat higher than that estimated from ground measurements (25-30m
-2

). This is 

likely to be partly due to the particular shape used for the grass canopy here (transmitting 

cylinders) and to the fact that in the field, there is a significant quantity of dead leaf material 

low down at the base of the canopy, which will add to canopy cover and act to reduced the 

proportion of viewed soil, particularly at nadir, but which is not included in the 3D models. As 

a result, the 3D model grass canopy requires a higher density of grass plant. The impact of 

including transmittance on the scattering behaviour of grass plants as volumetric cylinders was 

explored. Dry grass ‗transmittance‘ was estimated from the PROSPECT leaf reflectance 

model by matching modelled and observed reflectance spectra and using the pigment and 

structural properties required to achieve a reasonable match. However the magnitude of 

modelled transmittance was typically very low (even using unrealistically high PROSPECT 

structural parameter values) and consequently only had an impact on modelled canopy BRDF 

when exaggerated, and then (unsurprisingly) only in the forward-scattering direction i.e. when 

viewing into the sun. 

 

The result of this work has been to produce a database of 3D model canopies enabling 

simulation of a wide range of canopy structural scenarios (varying over- and understorey 

cover and the corresponding sunlit and shadowed scene components), with a good degree of 

confidence that the models represent the observed structural and radiometric properties well. 

These models are used to simulate canopy reflectance scenarios to compare with the 

simplified model representations and will be used to test the final retrieval algorithm. 
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8 Application of the fcc algorithm to satellite data 

8.1 Introduction 

In this section, we apply the fcc algorithm to MODIS reflectance data over Sothern Africa and 

compare resulting bottom-up estimates of carbon release with FRE data. This comparison 

necessitates: (i) building a spatial map of fuel load estimates for the region; (ii) interfacing to 

the MODIS burned area product for date of fire and the MODIS surface reflectance product to 

perform BRDF modelling and normalisation to estimate pre- and post-fire signals; (iii) fcc 

modelling and analysis; (iv) comparison with FRE data. 

 

8.2 A biomass model from Earth Observation data 

In order to do a bottom up and top down comparison of combusted biomass based around the 

proposed method of fcc, an available fuel map is necessary. Typically, these are only available 

for small experimental plots, or at coarse scale, derived from dynamic global vegetation model 

outputs. For our purposes, it is important that we have this information at a temporal and 

spatial resolution that is similar to that of the fcc estimates. Several simple approaches are 

viable: from accumulating a vegetation index and assuming a constant conversion factor into 

available biomass, to identifying the maximum LAI and then using the specific leaf area 

coefficient to convert this value into biomass. A better approach would calculate GPP as the 

product of incoming PAR, fAPAR and a stress factor, related to water, heat or possibly 

nutrient stress. The estimate of GPP is partitioned between trees and grasses, and respiration 

losses are deducted, resulting in NPP, which is then accumulated. Based on some phenology 

indicator, NPP is partitioned into several pools: tree leaves, tree litter, green vegetation and 

brown vegetation. This is the approach taken in (Hely et al. 2003; Hély et al. 2007). 

 

The production efficiency model approach has been slightly modified. The new method (see 

Figure 203) uses the MODIS photosynthetic activity product, MOD17A2, and from it, GPP, a 

product produced every eight days. This is then partitioned into tree and grass GPP using the 

MODIS continuous vegetation fields data, using the same non-linear function introduced 

in(Hély et al. 2007). A constant respiration contribution is subtracted from GPP, assuming it is 

mainly a function of available biomass and temperature. An indicator of stress is used to direct 

the NPP to tree leaves (ignored as they play only a marginal role in savanna fires), green 

grasses or senescent grass. The stress indicator in (Hély et al. 2007) is derived from 

precipitation data. In our case, we assume that the NDWI using MODIS bands 2 and 7 is a 

good proxy of grassland stress, and further, of top layer soil moisture depletion. We calculate 

the NDWI for each pixel, and aggregate, for each time step, only the values in grasslands over 

a half-degree grid. The time series are then smoothed spatially using an exponential filter with 

an exponential decay constant of 2.5 pixels, and smoothed temporally with an exponential 

window with a decay constant of 16 days.A typical regional time series is shown in Figure 

204. In practice, for each grid cell, the time series is scaled between 0 and 1. This gives an 

estimate of grass phenology (and hence water availability) on a fairly coarse grid, a useful 

proxy for precipitation data. 
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Using the MODIS burned area product, fire is introduced at the end of each month. Vegetation 

in burned pixels is completely removed by a fire, and the pixel remains dormant until the 

stress indicator rises above 0.3, where normal carbon assimilation resumes. 

 

While no herbivory biomass uptake is considered, and the MODIS GPP product appears to 

underestimate water stress in savanna environments, spatial distributions of available fuel 

appear plausible (Figure 205), with a mean value over the whole Southern Africa (excluding 

rainforests) of 467 g/m2. No complete validation has been carried out due to lack of ground 

data. 

 

 

Figure 214: The production efficiency fuel model. 
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Figure 215: Regional NDWI dynamics for southern Africa. 
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Figure 216: Modelled total available fuel loads using the proposed method. Note (i) the 

rapid growth of biomass between day 153 and 233, and (ii) the effect of fire disturbance 

in the miombo region between days 233 and 313. 

8.3 fcc and other measures of wildfire impact 

The surface reflectance product from the MODIS instrument on board the TERRA and AQUA 

platforms (collection 5 MOD09 and MYD09 products) was used to calculate the pre and post 

fire NBAR reflectance (i.e. angular normalised reflectance) by fitting a linear kernel model to 

the 16-day pre and post-fire windows. The date of fire was derived from the MODIS Burned 

Area algorithm (MCD45A1). While a 16-day window is quite long for grassland fires, and 

probably degrades the post-fire reflectance inversion, it is a safe length to minimise poor 

inversions due to poor sampling due to cloud cover. From consideration of e.g. Figure 10, it 

seems likely that the 16-day window will produce a smoothed estimate of post-fire 

reflectance& that this is likely a slight over-estimate of the true (immediate) post-fire 

reflectance (i.e. we are liable to slightly under-estimate fcc). 

 

From the NBAR reflectances, a number of severity indicators have been calculated. These are 

DeltaNBR, DeltaNDVI, DeltaNIR and DeltaSWIR. The first two are pre and post fire 

differences of difference indices. The latter two are relative changes of reflectance in MODIS 
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bands 2 and 5, respectively. The NBR and NDVI metrics are arbitrary, and need to be 

calibrated to severity measures. This is often done by human operators (usually without 

accounting for BRDF effects as we have here). In this case, we scaled these two variables by 

the minimum and maximum values for each tile and month, assuming that if they are related 

to severity, these scaling factors will cover the entire severity range. While the relative change 

in reflectance can be seen as a lower bound on estimates of fcc (and in this case, they are a 

conservative estimate of fcc), we have scaled them in the same way as the other two measures, 

so that all indicators and fcc appear with the same units. The spatial distribution pattern for fcc 

and DeltaNBR is fairly similar, with large values in the southern part of the tile (grassland 

fires), and lower values in the central/northern region (smaller fires, miombo woodland). 

 

DeltaNDVI in the central grassland region shows a similar pattern to fcc, but goes negative 

towards the Northern miombo region, suggesting that its interpretation is very complicated, 

and that it is responding to other effects and not severity. The relative measures show a similar 

pattern to DeltaNBR and fcc, although with higher values and less variability. The uncertainty 

of the estimate of fcc is low compared to its value, but larger towards the southern end. This 

could be due to the use of a 16-day window for the post-fire reflectance signal estimation, 

which would be unstable due to the fast changes taking place in the recently burned area. 

 

To investigate the difference between the indicators and fcc, we have produced a number of 

comparisons against fcc, as a function of land cover type (using the MODIS land cover 

product, MCD12Q1). The first thing to note is the strong correlation between the scaled 

DeltaNBR and fcc metrics. Comparisons with scaled DeltaNDVI are not as clear, with 

sometimes the DeltaNDVI points clustering around two distinct regions (for example, in 

grasslands). The relative drop in reflectance (not scaled for this plot) shows a mostly constant 

value for all values of fcc, with a very modest slope. If the comparison is between fcc and the 

scaled version of DeltaSWIR or DeltaNIR (see Table for the DeltaSWIR case, scatterplots not 

shown), the correlations are negligible. These findings point to the fact that the DeltaNBR and 

fcc results will be similar in most cases, whereas the other indicators will probably oscillate 

with respect to fcc in an unclear way (DeltaNDVI), or will only provide an important 

underestimate of severity (in the case of the relative drops in reflectance). 
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Figure 217: Comparison of different measures of "combustion completeness". For the 

month of August 2004, an area covering southern Angola and Namibia (MODIS tile 

h19v10). Indicators other than fcc have been scaled between 0 and 1 using the minimum 

and maximum values in the considered scene. 
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Measure Land cover type Intercept Slope Rsquare RMSE N 

Delta NBR  evergreen broadleaf  0.123 1.563 0.618 0.119 473 

Delta NBR  deciduous broadleaf  0.247 0.964 0.362 0.153 2414 

Delta NBR  closed shrub  0.103 0.848 0.635 0.121 45 

Delta NBR  open shrub  0.171 0.696 0.386 0.141 19 

Delta NBR  woody savannas  0.180 0.866 0.452 0.145 109833 

Delta NBR  savannas  0.112 0.930 0.731 0.094 269892 

Delta NBR  grasslands  0.208 0.591 0.562 0.118 3925 

Delta NBR  crop/natural mosaic  0.074 0.969 0.556 0.130 2686 

Delta NBR  sparse  0.306 0.697 0.126 0.044 85 

Delta NDVI  evergreen broadleaf  0.249 1.025 0.279 0.194 426 

Delta NDVI  deciduous broadleaf  0.328 0.693 0.153 0.198 1991 

Delta NDVI  closed shrub  0.508 0.131 0.019 0.175 43 

Delta NDVI  open shrub  0.337 -0.013 0.000 0.151 18 

Delta NDVI  woody savannas  0.292 0.640 0.237 0.182 99913 

Delta NDVI  savannas  0.227 0.650 0.420 0.131 279198 

Delta NDVI  grasslands  0.431 -0.057 0.004 0.203 3742 

Delta NDVI  crop/natural mosaic  0.116 0.859 0.498 0.134 2642 

Delta NDVI  sparse  0.212 -0.205 0.056 0.023 17 

Delta SWIR  evergreen broadleaf  0.778 -0.121 0.051 0.076 840 

Delta SWIR  deciduous broadleaf  0.715 0.061 0.027 0.049 2810 

Delta SWIR  closed shrub  0.605 0.248 0.232 0.086 48 

Delta SWIR  open shrub  0.824 -0.054 0.004 0.143 16 

Delta SWIR  woody savannas  0.763 0.054 0.017 0.078 127926 

Delta SWIR  savannas  0.883 0.053 0.022 0.061 248305 

Delta SWIR  grasslands  0.784 0.110 0.072 0.090 3715 

Delta SWIR  crop/natural mosaic  0.860 -0.009 0.000 0.097 2687 

Delta SWIR  sparse  0.845 -0.565 0.098 0.041 85 

Table 36Comparison of fcc and other severity measures for Angola (h19v10), August 

2004. DeltaSWIR has been scaled. 
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Figure 218: Relationship between fcc and different severity measures. Relative changes 

in reflectance have not been scaled, but DeltaNDVI and DeltaNBR have been scaled. A 

colour wedge has been used for landcover types were many pixels are present, and single 

dots for landcover types were only a few pixels were available. The red lines are the 

results of a linear fit, parameterised in Table 1. 
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Figure 219: Spatial distribution of fcc for fires detected on August 2004 and its 

uncertainty. 
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Figure 220a: Relationship between the two parameters that control the spectral exposed 

soil/ash model. The data correspond to the Angola/Namibia region, and the data extend 

the month of August 2004. Note the two modes (boxed), the top one being typical of an 

exposed soil signal, the bottom one more typical of a char spectrum. 
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Figure 220b. Scatterplot from Figure 220a overlain with a0, a1 parameters for a bright 

soil (KNL bright soil), KNP low-density post-fire ground reflectance (SNW4, SNA5), 

pure char and ash signals and KNP high-density post-fire (Numbi). 
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Figure 221: Spatial distribution of the pixels that belong to the two clusters shown in 

Figure 209. The red dots are “soil-like” spectra, and the yellow dots are “char like”. The 

pattern is consistent with grassland fires towards the South of the scene (with fast char 

dissipation), and miombo woodland towards the North (where char may be more stable) 
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Figure 222: Same as Figure 210, but for its eastern neighbouring tile. Note how the 

southern part is mostly characterised by “exposed soil signal”, in a longitudinal 

continuation of the previous tile. 
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Figure 223: Spectra plots for the fires characterised by a “soil-like” and “char-like” burn 

model fits. Top panel: pre-fire reflectance (nadir geometry), middle panel: post-fire 

reflectance (nadir geometry), bottom panel: burn signal. 
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Figure 224a: Same as Figure 220, but for a tile covering Zambia and the Democratic 

Republic of Congo, dominated by forest fires. Note how most of the fires show “char-

like” reflectance characteristics, and virtually no exposed soil. The data corresponds to 

September 2004. 
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Figure 224b. Scatterplot from Figure 224a overlain with a0, a1 parameters for a bright 

soil (KNL bright soil), KNP low-density post-fire ground reflectance (SNW4, SNA5), 

pure char and ash signals, signals and KNP high-density post-fire (Numbi). 

 

 
Figure 224c. Scatterplot of burn signal parameters for 3 dates (2004 DOY 153, 183, 214) 

for Boreal forest fires in Alaska, overlain with a0, a1 parameters as above. 
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8.3.1 Nature of the burn signal reflectance 

Figure 209a shows a scatterplot of the two parameters controlling the burn signal for the tile 

h19v10 (Angola/Namibia). This is directly comparable to the parameter scatterplot produced 

when developing and analysing the generic spectral model (section 4.4). A striking feature of 

the figure is the presence of two clear clusters, around (0.03, 0.24) and (0.02, 0.14). 

Comparing this with figure 35c, we see that the a0parameter derived from the satellite data is 

rather less than might be expected from the spectral analysis, but this is an artefact of different 

scaling used in the parameter definitions.The same pattern is seen for another tile considered 

(Figure 213a) (Zambia/DRC) although only the lower cluster is now apparent. Figures 209b 

and 213b show the ‗burn signal‘ parameters derived from ground spectra for a variety of pre- 

and post fire materials (in KNP) using the same parameter scaling as Figures 209a and 213a. 

 

Figure 212 shows typical MODIS spectra associated with these two clusters in figure 209. 

Both pre- and post-fire reflectance for the upper cluster is higher at all wavelengths, probably 

due to a brighter Kalahari soil. The retrieved burn signals are significantly higher for the upper 

cluster than for the lower: a direct comparison of the spectra in the lower panel of Figure 212 

with char and soil spectra shown in section 3.4 and an analysis of the parameter values plotted 

in Figures 209b and 213b suggests that we can interpret the two clusters as: (i) mostly exposed 

bright soil (upper cluster); and (ii) mostly char (lower cluster). The stability of these two 

clusters between the two tiles is remarkable, so much so that we can easily classify retrieved 

burn signals into these two groups (that we call char and soil for simplicity). Figures 210 and 

211 show the spatial distribution of these clusters, giving a general North-South distinction. 

Since the ‗burn signal‘ has only two parameters (in this implementation) there can be no 

certainty with regard to the interpretation: movement of the locus between ‗KNP bright soil‘ 

and ‗KNP black ash‘ (essentially a change in the a1 parameter) can be interpreted as either a 

darker soil being exposed or a greater proportion of char in the burn signal. Any movement in 

the a0 parameter for low values of a1 could be explained as a likely increase in the presence of 

ash. If we regard bare soil, char, and ash as three endmembers, we could interpret the two 

parameters as proportions of these. However, as noted in section 3, the centre of this ‗triangle‘ 

is occupied by the spectra of dry vegetation materials, so really only variations along the char-

soil and char-ash axes can reasonably be interpreted. Even to achieve that however, a location 

would need to be defined (which will be regionally dependent) for bare soil. In building the 

model, there was no particular emphasis on there being a straightforward interpretation of 

these burn signal parameters. Indeed, modelling results from section 6 show that there are 

mechanisms that could further complicate these terms. That said, the parameters derived as a 

by-product in processing MODIS fcc seem to be stable and amenable to interpretation. This 

clustering is particularly interesting and important for two reasons. First, with further study it 

may give an indication of the nature of the fire regime (or char dissipation regime). Second, 

and more directly practical, it suggests that these clusters may be used as prior estimates of the 

burn signal parameters that can be used to help constrain any fcc estimates from sensors with 

fewer than the 7 bands used in the MODIS processing, alternatively those with poorer spectral 

sampling (such as MERIS). 

 

Although we have paid most attention in this study to testing the model over Southern Africa, 

both the model and algorithm are general and should apply anywhere the assumptions 

underlying the model are met (i.e. wildfire results in char, ash or exposed dry soil). Initial 
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results in other regions look very promising. Figure 213c shows burn signal parameters for a 

MODIS tile in Alaska for summer 2004. This was a particularly intense fire season for that 

area, characterised by large area fires in a landscape dominated by Boreal forest. Following 

from the interpretations above, we can note that the result of wildfire in this area was almost 

certainly a dense char cover. This ‗high impact‘ is also seen in the retrieved fcc values, 80% of 

which are between 0.5 and 1.0. This range of fcc values is in fact similar to those seen for the 

African grass fires: what is rather different between the two regimes is the burn signal. The 

skewing of the distributions (outside of positive value ranges) is probably due to the spectral 

compensation mechanisms described in section 6, although its impact does not seem too large.  

8.4 Comparing bottom-up and top-down estimates of combusted 
biomass over Africa 

8.4.1 Introduction 

The current Section describes a validation strategy for the proposed algorithm at the regional 

scale, using thermal (―top-down‖) estimates of combusted biomass. The rationale for this has 

been developed in section 4 (Algorithm Validation), and is only briefly detailed here. 

 

According to (Seiler & Crutzen 1980), the combusted biomass from a gridded product is the 

product of the available biomass, the proportion of the of the grid cell affected by the fire, f,  

and the combustion completeness, cc (the amount of mass that is removed from the vegetation 

by the fire). The algorithm proposed in this project aims to estimate the product of the fraction 

of pixel affected by the fire and combustion completeness, referred to as fcc, as the individual 

terms cannot be decoupled (Roy & Landmann 2005). The other required term is the amount of 

biomass, which has been discussed elsewhere. 

 

Top-down approaches are based on the use of thermal observations, and make use of the 

constant relationship over a large number of vegetation types of the Fire Radiative Energy 

(FRP) and the amount of combusted biomass (Wooster et al. 2005). The frequent sampling of 

sensors on board geostationary platforms, such as SEVIRI on bard Meteosat Second 

Generation, allows the temporal integration of radiative power (FRP) into radiative energy, 

and hence, combusted biomass. Unfortunately, these systems in general have poorer spatial 

resolution than optical sensors on board polar platforms, and are badly affected by clouds. In 

this work, we shall use the SEVIRI sensor to come up with estimates of combusted biomass. 

While SEVIRI has temporal sampling period of 15 minutes, it is not sensitive to fires that do 

not radiate strongly. An additional problem of SEVIRI is that spatial resolution degrades away 

from the nadir point.  

8.4.2 Method 

The comparison will be done between SEVIRI FRE and MODIS/fcc estimates of combusted 

biomass. The comparison is done over a period of ten days. Within this period the thermal 

FRP of SEVIRI is integrated on a pixel-by-pixel basis, and so are the MODIS pixels detected 

by the official MODIS burned area product. For each burned pixel, the value of available 

biomass times a measure of fcc is calculated. The comparisons are done in a ―SEVIRI fire‖ 

basis: the integrated SEVIRI FRP dataset is segmented using a flood fill algorithm, and 
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individual fires are labelled. These are then identified in equivalent MODIS pixels, which are 

added together, taking into account the misregistration errors. 

 

 In addition to fcc, other typically used severity measures have been calculated: 

 DeltaNBR 

 DeltaNDVI 

 DeltaNIR 

 DeltaSWIR 

 

In order to convert them into something that resembles fcc, they have been scaled for each 

MODIS tile to lie within 0 and 1. To calculate the severity measures, we followed the 

following steps: 

 

1. Fitting of linear kernel models to the 16-day pre- and post-fire windows, in order to 

calculate pre- and post-fire NBAR reflectance (and associated uncertainties). See 

(Schaaf et al. 2002; Lucht & Lewis 2000). 

2. Calculation of the vegetation indices or relative drops in pre- and post-fire reflectance 

per pixel. 

3. If the uncertainty in the pre- and post-fire reflectance was found to be high in some 

pixels, the index was estimated using bilinear interpolation. 

4. For each MODIS tile, and for each severity index, the minimum and maximum values 

found in the tile were used to scale each index between 0 and 1, making them directly 

comparable to fcc. 

5. fcc  was estimated by solving a linear system of equations for each of the seven 

MODIS bands. The only parameters that were prescribed were related to the burned 

signal model function: the wavelength offset (400 nm), and the maximum value of the 

quadratic, set to 2000nm. As with the severity indices, when pre and/or post-fire 

reflectance uncertainty was high, the value of fcc was interpolated. 

 

This approach was applied to four MODIS tiles in southern Africa, for the months of August 

and September 2004, which coincide with the peak of the fire season. The tiles were: 

 h19v10 

 h20v10 

 h20v09 

 h21v10 

Figure 214 presents a map of the spatial distribution of the selected tiles. These tiles cover 

mostly savanna regions, with miombo woodland, and the lower extremes of the central 

African rainforest.  
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Figure 225: Location of the processed MODIS tiles. Only tiles h19v10, h20v10, h21v10 

and h20v09 were processed. Points are MSG SEVIRI active fire detections over one 

week in August 2008. 

8.4.3 Results 

Some spatial plots from selected fires are shown in Figures 215-217. For these plots, the 

SEVIRI FRE have been reprojected and resampled to the MODIS grid, and the pixel value has 

been scaled by the difference in area between both sensors. 

 

Figure 216 is particularly interesting, as it shows the FRE image picking up many more fires 

than the MODIS burned area product. Also note that the massively distributed nature of the 

MSG pixels on that plot suggest that any per fire segmentation will result in a combination of 

most of the visible pixels. Figure 217 is also interesting, showing a good agreement between 

most of the plots. Note that while fcc and DeltaNBR show similar patterns and overall values, 

the fcc dataset tapers towards the edges, a realistic feature to be expected in these fires. In this 

particular case, the ―Unity‖ fire and the scaled DeltaSWIR can be seen as an overestimate and 

an underestimate of fcc. In Figure 216, DeltaNBR seems to overestimate the combusted 

biomass, while fcc provides a reasonable estimate, again bounded by the Unity and 

DeltaSWIR values. In no case is any of the plots exceedingly different to the thermal FRE 

estimate. 
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Measure m c R2 RMSE_fit RMSE 

fcc 1.282 1.669E+06 0.880 1.752E+07 6.474E+06 

DeltaNIR 0.797 1.057E+06 0.875 1.788E+07 7.181E+06 

DeltaSWIR 0.924 1.294E+06 0.867 1.857E+07 6.811E+06 

DeltaNBR 1.264 1.953E+06 0.863 2.001E+07 7.107E+06 

Unity 0.725 1.119E+06 0.865 1.754E+07 7.697E+06 

DeltaNDVI 1.270 1.551E+06 0.873 1.915E+07 6.958E+06 

Table 37: Comparison results, with line of fit parameters (y = mx+c). All tiles 

The comparison has been carried out on a per fire basis. While a useful metric, working on a 

per pixel basis would have been preferred, but this was not practical due to the large overlap 

between SEVIRI footprints arising from pre-processing spatial filters. The results of the 

comparison are shown in figures 218-222. Figure 218 presents the aggregated results of the 

comparison for all the tiles, with linear fit parameters given in Table 37.  Figures 219-222 

((with linear fit parameters summarised in Table 38) show a breakdown by MODIS tile. The 

plots are shown in a logarithmic scale, as most of the fires are quite small and would be 

undistinguishable under a linear scale. A colour wedge has been used for the combined results 

for all the tiles. 

 

In general the results show a strong relationship between the ―bottom up‖ and ―top down‖ 

approaches, with the exception of tile h21v10. For this tile, the MODIS burned area product 

reports few fires within the integration period, whereas the SEVIRI observations show a large 

number of fires, resulting in ―bottom up‖ approaches underestimating the top down estimate. 

It may be due to uncertainties in the reporting date of the MODIS burned area product, or on 

missed burned pixels. 

 

Assuming that pixels are completely burned (‗Unity‘ severity estimate assumes fcc=1) results 

in an apparent overestimation of combusted biomass (the slope is less than unity), and a 

similar value is found when using the scaling the relative drops of reflectance in the NIR 

measure. DeltaSWIR has slightly higher slope values, and lower correlations and higher 

RMSE values than DeltaNIR.  
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Tile Measure m c R2 RMSE_fit RMSE 

'h19v10' 'DeltaNBR' 1.301 3.904E+06 0.894 2.087E+07 8.898E+06 

'h20v09' 'DeltaNBR' 1.908 2.431E+06 0.842 2.549E+07 1.030E+07 

'h20v10' 'DeltaNBR' 1.012 2.160E+05 0.884 1.327E+07 4.595E+06 

'h21v10' 'DeltaNBR' 0.257 3.203E+05 0.679 1.763E+06 2.858E+06 

'h19v10' 'DeltaNDVI' 1.330 3.823E+06 0.893 2.089E+07 8.858E+06 

'h20v09' 'DeltaNDVI' 1.573 1.769E+06 0.860 2.310E+07 8.614E+06 

'h20v10' 'DeltaNDVI' 1.024 2.718E+04 0.887 1.317E+07 4.757E+06 

'h21v10' 'DeltaNDVI' 0.213 3.416E+05 0.655 1.776E+06 3.367E+06 

'h19v10' 'DeltaNIR' 0.867 3.060E+06 0.905 1.947E+07 7.187E+06 

'h20v09' 'DeltaNIR' 0.881 1.545E+06 0.889 2.006E+07 7.883E+06 

'h20v10' 'DeltaNIR' 0.544 5.103E+05 0.821 1.224E+07 7.266E+06 

'h21v10' 'DeltaNIR' 0.173 3.146E+05 0.683 1.731E+06 4.554E+06 

'h19v10' 'DeltaSWIR' 0.988 3.320E+06 0.898 2.025E+07 7.505E+06 

'h20v09' 'DeltaSWIR' 1.100 2.182E+06 0.897 1.981E+07 7.060E+06 

'h20v10' 'DeltaSWIR' 0.618 7.947E+05 0.791 1.317E+07 6.308E+06 

'h21v10' 'DeltaSWIR' 0.153 4.186E+05 0.623 1.834E+06 4.618E+06 

'h19v10' 'fcc' 1.365 3.899E+06 0.904 1.986E+07 8.951E+06 

'h20v09' 'fcc' 1.268 2.090E+06 0.675 1.881E+07 5.416E+06 

'h20v10' 'fcc' 1.099 1.389E+04 0.883 1.332E+07 4.557E+06 

'h21v10' 'fcc' 0.255 2.524E+05 0.710 1.525E+06 2.749E+06 

'h19v10' 'Unity' 0.824 2.966E+06 0.906 1.931E+07 7.281E+06 

'h20v09' 'Unity' 0.694 2.522E+06 0.836 1.818E+07 8.237E+06 

'h20v10' 'Unity' 0.514 4.835E+05 0.823 1.214E+07 7.822E+06 

'h21v10' 'Unity' 0.092 3.747E+05 0.641 1.753E+06 8.175E+06 

Table 38: Comparison results, with line of fit parameters (y = mx+c). Per tile results. 

 

For the fcc estimate, the slope of the linear fit is around 1.1-1.3 for all cases except h21v10, 

where it drops to 0.255. Scaled DeltaNBR produces results that are very similar to fcc. This is 

particularly so for tiles h19v10 and h20v10, as both these indicators are highly correlated in 

these two cases. We do not yet have an explanation for this strong correlation. 

 

Scaled DeltaNDVI follows fcc, but with lower correlations and errors. The nature of the linear 

fit slope is similar to that of fcc or DeltaNBR, but with a more erratic nature. 

 

The (scaled) drops in NIR and SWIR reflectances show reasonable correlations, but an erratic 

slope of in the linear fit line. This probably points that they are useful measures of severity, 

but the applied scaling may need further investigation. In particular, if the unscaled indicators 

can be seen as a single band, lower bound estimate for fcc, scaling them on a per tile basis may 

not be a meaningful approach.  
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Figure 226: A large grass fire in Angola. Estimates of combusted biomass from MSG 

SEVIRI, the proposed algorithm and other measures 
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Figure 227:  A large miombo fire in northern Angola. Estimates of combusted biomass 

from MSG SEVIRI, the proposed algorithm and other measures 
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Figure 228. A large grass fire in Namibia. Estimates of combusted biomass from MSG 

SEVIRI, the proposed algorithm and other measures 

Figure 229: Comparison results for all tiles. Summary statistics are in Table 37 
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Figure 230. Comparison results for tile h21v10 

 

Figure 231. Comparison results for tile h20v09 
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Figure 232. Comparison results for tile h20v10 

 

Figure 233. Comparison results for tile h19v10 
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8.4.4 Discussion 

The comparison results are inconclusive, but point to the general usefulness of a number of 

metrics to estimate fcc. Traditional approaches such as vegetation indices appear to provide 

some useful signal, provided they are scaled properly. This is not dissimilar to human-

operated severity assessment using Landsat TM/ETM+ data. The fcc approach appears to 

produce slightly better results across the regions tested, without requiring any further 

calibration or expert judgment.  

 

There are a number of important considerations to be addressed in any subsequent work: 

1. The fuel load estimate is very uncertain. Although generally low in African savannas, 

it will have the most important contribution to the total ―bottom-up‖ error budget. 

There is no simple way to improve on this, but the acquisition of validation datasets 

would be an important starting point. A complementary way to estimate the fuel load 

would be to divide the FRE estimate by the area times combustion completeness 

estimate. Then the value of the available biomass could be compared with what the 

model produces. A drawback is that the FRE products that are better quantified in 

terms of biases and uncertainties tend to be coarse resolution aggregates (1 degree, 

cloud and small fire corrections). For these coarser products, datasets such as GFED 

may be very useful as a comparison or as a way of understanding uncertainties in the 

optical processing chain. 

2. The burned area detections are critical, and would have the second highest impact on 

the error budget. This is particularly problematic in areas where the MODIS algorithm 

may miss fires due to cloud or tree cover. 

3. It is important to understand the uncertainty of the MSG SEVIRI data. Again, this is 

not a trivial problem due to missed slots and missing small fires. A way around this 

would be to examine the temporal trajectory of FRP within a single SEVIRI pixel. 

Most pixels however only detect fires once or twice, particularly in areas of grassland 

with fast moving fire fronts. Tree cover may also mask the thermal signal. 
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9 Performance, suitability, reliability, accuracy and 
limitations 

9.1 Introduction 

This study makes use of a number of radiative transfer models for simulating fire scenarios. 

These are: (i) a modified GORT model; (ii) a 3D radiative transfer model and associated 3D 

model description of canopy geometry before and after fire; (iii) linear BRDF models; (iv) a 

linear model relating pre- and post-fire reflectance to FCC. Since the latter is the main model 

we are testing here, it is used as the context for discussions of the other modelling efforts. 

 

In this document, we outline each modelling strand and discuss the issues associated with 

each. Where appropriate, the results of model validation studies are included. Where this is not 

possible, likely accuracy and reliability issues are discussed. 

9.2 GORT and 1-D modelling 

9.2.1 Performance 

The GORT model used in this study is derived from that of Ni et al. (1999) as described in 

section 6. The purpose of the modifications is to allow simulation of fire impact in a multi-

layer canopy (i.e. tree cover, a herbaceous layer and an underlying soil). In the modifications, 

the herbaceous layer is simulated with a 1-D radiative transfer model (Gobron et al., 1997). 

 

To understand the operation of the model, consider first the original GORT model: for a given 

set of crown geometric parameters, the proportion of sunlit and shaded components that can be 

viewed from some particular viewing and illumination geometry are calculated. These ‗core‘ 

parameters are calculated by considering the projection and overlap of spheroidal objects onto 

a ground plane and onto each other. The addition of a 1-D model enables the inclusion of an 

understorey layer, a very relevant addition to understand the effects of surface/crown fires.  

9.2.2 Suitability 

The model requirements to explore the proposed FCC methodology are fairly modest. From 

the discussion in sections 3 and 6, the FCC model explains the apparent FCC calculated by the 

model (assuming it is based only on pre- and post-fire spectral measurements and the generic 

‗burn signal‘ model given in section 3) as the true value of FCC (with CC defined in a 

radiometric sense as the proportion of pre-fire material reflectance that is converted to a ‗burn 

signal‘) modulated by the sunlit proportion of the fire-affected layer that is viewed relative to 

the total sunlit area viewed. In this case, the second model ought  (i) to provide a reasonable 

expectation of the first order effects (variation in sunlit and shaded components viewed), and 

(ii), to provide an estimate of second and higher order effects, such as multiple scattering, and 

the ranges of contrasts between crown and understorey component reflectances. Taking these 

requirements into consideration, a hybrid GORT model is a suitable choice for validating the 

linear model. The first order effects and the more complex multiple scattering are reliably 

covered by the GORT model, which is made to address a layered canopy with different 
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components by extending the model with a reasonably accurate model of a grassland/shrub 

understorey reflectance. 

9.2.3 Reliability and Accuracy 

The explicative mechanism we propose for the linear FCC model (section 3, also discussed in 

section 6) is arrived at by considering first-order mechanisms only, and in that sense, whatever 

the hybrid GORT model predicts as sunlit and shaded scene components, this conclusion will 

hold as a general principle. We can state then that the absolute accuracy of the GORT model is 

not very relevant to developing our understanding of the linear FCC model operation. Rather, 

its use is to provide a set of typical realistic scenarios for varying scene components and also a 

set of realistic values for the second-order effects that further complicate the FCC model 

parameter interpretation. These second-order effects can be considered as: (i) those that cause 

variations in the scene component reflectances beyond the direct fire impact; (ii) departures 

from the operational assumption that the reflectance of the fire-affected portion of the pixel 

(that is sunlit and viewed) can be approximated by the total pre-fire reflectance.  

 

In essence, the former involves mainly variations in multiple scattering between scene 

components. An example of this is the case of a green overstorey with a ‗brown‘ (senesced) 

grass understorey where only the understorey is affected by fire. There will be some degree of 

multiple scattering both within the tree crowns and between crowns. This component (that 

does not interact with the grass layer) will be the same for both pre- and post-fire conditions, 

so the subtraction of pre and post-fire reflectance (for any waveband) will cancel these terms 

out. There will however be some component of multiple scattering between the crowns and 

the grass layer, and if the grass layer reflectance decreases due to fire, this component of 

multiple scattering will also decrease. An error is therefore introduced into the retrieval of 

FCC due to this term. As the above discussion points out however, this is in itself only a 

proportion of the multiple scattered contributions. We can suggest therefore that it is likely to 

have only a small impact. For a dense overstorey, the predominant multiple scattering as 

viewed by a remote sensing device is likely to be between and within crowns: what multiple 

scattering there is between the crown and grass layer will be reduced by a transmission 

through the crown. For a low-density canopy, the total multiple scattering interaction between 

crown and grass layer will be of smaller magnitude in any case. The role of the hybrid GORT 

model in this context is to provide some reasonable estimate of these this term so that its 

impact can be assessed in the round. We have argued that this impact will in any case be 

small, so as long as it is included and the model provides the right order of magnitude 

calculation of this term, its details are likely unimportant for assessing model operation. 

 

It is likely then that the second type of error introduced above, that caused by departures from 

the operational assumption that the pre-fire reflectance can be assumed equal to the reflectance 

of the area affected by fire, is more important. That said, the explicative model produced in 

section 3 provides an explicit mechanism to assess the main effects of this term. If we imagine 

a ‗brown‘ tree layer and a ‗brown‘ grass layer and consider only the latter affected by fire, 

then the contrast between the reflectances of the two components will be small (b0 is small in 

equation 3.25). The reflectance of the affected area will therefore be close to that of the 

unaffected area, and the FCC reported will be a true reflection of the proportion of (sunlit) 

area affected that is viewed by the sensor. The fact that there is some layer of trees ‗blocking‘ 
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the sensor from ‗seeing‘ whether there is any grass burned under the trees is a somewhat 

inevitable limitation of the optical remote sensing in this context. We might well be able to 

build a more sophisticate model than the linear FCC model to try to better interpret the data 

and make some inference about what is not directly seen by the sensor (such as that discussed 

here) but it would be a much more difficult task to try to invert such a model (with a tree layer, 

grass layer and soil layer) and the quality of derived information may not be worth the effort 

without some significant injection of information from other data sources (such as lidar 

perhaps). Accepting this ‗blocking factor‘ as inevitable then, the role of the GORT model is 

seen to be the provision of reasonable estimates of these terms (for the tree geometries 

defined) and, importantly in this study, the angular variation of these terms. It must also be 

capable of providing a reasonable simulation of the likely contrasts between tree and ground-

layer reflectances (thence b0), which is more a function of the range of scenarios considered 

that the details of this particular model.  

9.2.4 Limitations. 

A limitation of this stream of modelling however is the way in which we incorporate fire 

effects in the various layers. For a ‗realistic‘ test of the model, the assumptions made 

regarding fire impact (proportionate conversion of the grass layer to grass and char, for 

example) are really rather too close to the assumptions in the linear model to provide a full 

test. The same issue applies to the fire impact modelling applied to the tree layer: fire is 

assumed here to simply remove some proportion of the trees from that layer. This is clearly 

rather unrealistic, but is more a function of what can be achieved within this form of average 

radiative transfer modelling than a lack of imagination in the modelling of fire impacts (all 

other efforts using similar forms of models make rather similar simple assumptions about fire 

impacts). 

9.3 3D Modelling 

The previous Section has highlighted some of the limitations of the GORT modelling 

approach. These were in essence to do with the complexities of the scene and how fire affects 

that scene. In particular, there is some circularity in the way the fire converts vegetation to 

char in both the linear and GORT models, suggesting that a more realistic modelling stream is 

required. 3D models are quite detailed, and allow us to modify the radiometric or geometric 

properties of individual elements within the scene. 

9.3.1 Performance 

The 3D model development is based on structural and radiometric data collected during the 

field campaign (see section 5). These data have been used to develop scene models that can 

accurately recreate the observed canopy signals pre- and postfire. The modelling involves a 

number of steps of increasing complexity. First, individual structural components, such as 

grass, shrubs and trees are created. These ―templates‖ are then positioned in space so as to 

create a realistic scene. 

9.3.2 Suitability 

The model has been used in a large number of tasks, and has been validated with satisfactory 

results as part of the RAMI exercise. The most severe hindrance to progressing this form of 

modelling has been the lack of detailed structural data to allow the pre- and post-fire 
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vegetation characteristics to be specified. A detailed field campaign was executed in Kruger 

National Park (KNP) during 2008, as described in section 5, but even with the data collected 

from this it has proved to be a slow process to fully characterise the scenes and an extremely 

slow process to do any form of validation. We can suggest that this is partly a technological 

limitation. There have been many studies where ground-based and airborne lidar have been 

used to build (somewhat) detailed 3D representations of vegetation, but no such equipment 

was available for the field campaign, and in any case, no one has yet demonstrated the 

feasibility of modelling the detailed impacts of fire on canopies in this way. Even though 

another team (from JRC: M. Verstraete pers. comm.) obtained a great amount of 3D ground-

based lidar of vegetation in KNP earlier in 2008 than our campaign, it will take some 

considerable time to process and interpret these data before they could be used in the sort of 

study envisaged here. Further, no data were obtained post-fire, so even these detailed data do 

not directly fulfil the requirements of this project. 

 

With the wider availability of ground and airborne lidars, it can be supposed that such 

measurements will become feasible in the near future. In the meantime, model building and 

validation is limited to the ‗first-pass‘ attempts we have been currently able to achieve, as 

described in this report. 

9.3.3 Reliability and Accuracy 

The accuracy of the modelling is limited by the accuracy and precision by which both 

individual components and full scenes can be prescribed. These are complex problems that are 

common to any use of 3D models. On the other hand, the (relative) lack of assumptions in the 

model reduces the complexity of teasing apart model assumptions from real physical effects. 

9.3.4 Limitations 

The 3D simulation system that calculates the radiative transport has some limitations, mainly 

that at present assumes that all surface interactions are Lambertian in nature, but this is partly 

due to a lack of suitable data and models to better characterise these terms. The model has 

been widely tested in the various RAMI exercises and compares very favourably with out 3D 

radiative transfer solutions (see section 2). 

9.4 Linear BRDF Modelling 

The algorithm developed in this work to estimate FCC requires that:  

 

i. input measurements are of surface BRF (i.e. have been ‗atmospherically corrected‘); 

ii. the day on which a wildfire occurred has been calculated;  

iii. the viewing and illumination geometries of the pre- and post-fire reflectance 

observations are the same.  

Wider discussion of the first two of these is beyond the scope of this report, although some 

issues regarding wildfire detection in optical data are discussed in sections 2 and 3. The latter 

requirement, that the imaging geometries are the same is fundamental to this algorithm (and 

should probably be fundamental to any attempt to characterise fire impact).  
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9.4.1 Performance 

The (strong) requirement that the pre- and post-fire imaging geometries are identical is to 

minimise BRDF effects. These can be very strong in reflectance data and although band ratios 

might sometimes reduce these effects, they can still be very significant in such transformed 

data. The best way to remove this source of ‗noise‘ is to perform some form of BRDF 

‗correction‘ with a model (or integrate the modelling and detection/characterisation 

approaches). This is rather readily achieved using semi-empirical kernel models if the only 

real requirement of the models is to be able to describe the BRDF effects (i.e. not characterise 

them in any physical sense). Some moderate resolution sensors, such as MERIS may not 

suffer from severe BRDF effects as they do not have a particularly wide field of view (FOV) 

(at the expense of reduced temporal coverage). Others that may be considered such as MODIS 

or SPOT VEGETATION make use of their wide FOV to achieve high temporal coverage and 

so require some form of BRDF modelling.  

9.4.2 Suitability 

Obtaining reasonable BRDF corrections is a  well-known problem in the optical remote 

sensing literature. Using them to predict pre- and post-fire reflectance is an area that is still in 

its infancy, but that it is key for meeting our objectives. We consider two approaches: Roy et 

al. (2002, 2005) and that of Rebelo et al. (2005). In the former, BRDF model parameters are 

assumed constant over some time window and a prediction is made under the assumption of 

no change in surface conditions. This is then compared to an observation and a discrepancy 

measure used to characterise the degree of change. In this sense, this algorithm should be 

directly capable of using the refinements in describing fire-affected area set out in this work. 

The FCC could be calculated from the comparison of predicted and measured reflectance. 

Since the algorithm runs in both ‗forward‘ and ‗reverse‘ modes, the comparison (and 

estimation of FCC) could be easily made in both directions as well. The theoretical 

complication here is that whilst the viewing and illumination configurations can be made to be 

the same for both sets of comparisons, the actual values of angles will vary from one 

comparison to another. If the FCC does vary as a function of angle, at least under some 

circumstances, as predicted in section 3, then this will cause some confusion to the 

interpretation of the FCC signal.  

 

In the approach of Rebelo et al. (2005) a low order polynomial is used to mimic the 

underlying temporal dynamics of the BRF, with linear BRDF kernels assumed constant over 

an extended time period (e.g. 3 months). Form this approach is it possible to directly calculate 

the BRF at any desired viewing and illumination condition, so FCC can be estimated directly 

as a function of viewing and illumination angle. This approach has been used in section 8 for 

current attempts to map FCC from MODIS data. The potential drawback of this is the 

assumption that the reflectance of the materials affected by fire is the same as the pre-fire 

pixel reflectance and the expectation of angular variations in FCC under some circumstances.  

 

Going back to the ‗simpler‘ approach of Roy et al., one could perhaps achieve the desired 

predictions (of pre- and post fire reflectance at any desired angles) by using the ‗forward‘ 

modelling progression to calculate the pre-fire kernel model parameters and the ‗reverse‘ 

progression to calculate the post-fire terms. That general idea would probably apply more 
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widely to any refinements to BRDF kernel parameter tracking such as regularisation or related 

data assimilation methods (Quaife and Lewis, 2009). 

9.4.3 Reliability and accuracy 

The impact of BRDF normalization is at the core of the retrieval algorithm. As such, 

uncertainties in this respect do have an impact on the overall estimation of FCC. In Section 

7.2, an attempt is made to track uncertainties in the whole algorithm for different moderate 

resolution sensors. In addition to the information included, some extra information is needed 

to fully characterise the inversion uncertainty budget: the uncertainty in the difference of 

reflectances. This is not only in terms of radiometric stability due to atmospheric correction 

and georegistration issues, but also due to the BRDF normalisation. As an example, for the 

MODIS case, we can estimate the uncertainty in the difference of reflectances to lie 

somewhere between 20-30%, so that the uncertainty in fcc would then be of the same order. 

 

In the case of other sensors, such as MERIS or CHRIS, it is important to consider the spectral 

correlation between adjacent bands, which will increase uncertainty. Sensors with fewer 

bands, such as AATSR suffer from high uncertainties due to the low number of bands, and the 

fact that to cover the SWIR region, a quadratic model is still required, so that the parameter 

number relative to the available observations is quite large. 

9.4.4 Limitations 

An additional requirement of the algorithm to those mentioned above that should be 

considered is that the data are well enough co-registered to allow change detection from a time 

series. This may prove to be a severe limitation to using full resolution MERIS data, given the 

current co-registration issues noted above. The number of available bands (and the data 

correlation between them) is also an important issue that needs to be carefully considered for 

the practical exploitation of the proposed method. 

9.5 Summary 

In this project, a number of modelling streams have been followed in order to understand the 

impact of fire on natural scenes. They range from the rather simplistic linear mixture models, 

to complex 3D modelling efforts. The linear mixture models have been developed into a fairly 

generic algorithm that enables us to understand the change from before the fire to after the fire 

through an FCC term, a product of the proportion of the pixel affected by the fire and a 

(radiometric) combustion completeness term,  provided that we have an idea of the spectral 

properties of the burned components in the scene. This latter requirement has been met by 

developing a generic function that describes the reflectance of the typical mixture of char, ash 

and exposed dry soils that is found in burned regions. For the case of multilayered scenes, the 

FCC term becomes effective, due to e.g. a top vegetation layer screening a surface fire. The 

algorithm is simple, and requires only simple linear algebra operations for inversion. 

 

To study the effects of multiple scattering and angular effects, a more complex hybrid GORT 

model has also been used. This increase in complexity is important to allow the description of 

more realistic scenarios and how the interactions between scene components translate into 

changes of reflectance. This is of practical importance, as fire can often have a differential 

effect on the understorey and overstorey, for example.  
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The realism of a hybrid GORT model, although appropriate for the tasks outlined above, is 

found lacking for validation purposes. To somehow avoid the difficulties derived from 

gathering ground truth data for fires, 3D models allow a very thorough testing of the proposed 

algorithm with realistic scenes, where every individual element of the scene can be modified 

to simulate the effect of fire. 

 

Finally, we review the approaches to BRDF normalisation through the use of linear BRDF 

models. These play an important role in our algorithm, as it is based on reflectance 

observations acquired with the same geometry. Different geometries result in important 

changes in reflectance, and in order to minimise their contribution to the fire signal, it is 

important to account for them using some sort of normalisation. 
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10 Recommendations 

10.1 Introduction 

The main purpose of the document is to provide a report advising on the use of the model, 

including consideration of operationalisation issues and the role of current and future sensors. 

This project has produced two types of model of fire impact: a 3D optical model and a simple 

linear ‗interpretation‘ model of fire impacts and considers the validation of such models and 

their outputs. This leads us beyond the optical domain into the thermal.  This document 

discusses the potential uses of these models, possibilities for their extension and practical 

implementation, and the role of such models with regard to forthcoming and possible future 

ESA sensors. It is limited to land surface considerations of fire and fire impacts only and does 

not deal directly with any atmospheric components of the problem or related sensors. The 

work is primarily limited to the optical domain, but also considered some relevant aspects of 

thermal remote sensing and makes limited mention of active technologies. 

 

The aim of this project has been to develop models for simulating fire scenarios in the optical 

domain. The ultimate aim of such work is allow improved estimates of fire impact to be 

monitored from EO data. One significant context to that aim is the estimation of carbon 

release from fires, and this is generally where we have pitched this study. Whilst there are 

other contexts such as fire management, ecosystem impact etc., any advancement in the 

monitoring of carbon release would likely impact these areas as well.  

 

In this section we will: (i) review relevant EO technology (with an emphasis on European and 

related instruments); (ii) discuss and make recommendations for the various modelling 

developments made in this study (semi-analytic, linear, and 3D); (iii) discuss and make 

recommendations for future work in extending the modelling work to the thermal domain. 
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10.2 EO Technology overview 

10.2.1 EO-based wildfire detection and monitoring 

In this section, we will briefly review the general context area of this work and discuss the 

various EO technologies that can have an impact on fire monitoring. 

 

All approaches to estimating carbon release from vegetation using EO in some sense rely on 

the detection of areas affected by fire. The technologies available for this are mainly optical, 

thermal and microwave image-based methods that seek to detect active fires (in the case of 

thermal processing) or evidence that there has been a fire (in the former). There are many 

methods proposed for achieving this.  

 

Thermal methods are perhaps the most straightforward, relying on the detection of 

anomalously high temperature signals, but detections from polar orbiting satellites suffer from 

significant under-detection due to the sensor not viewing all areas at all times. Thermal 

methods from geostationary satellites overcome this particular problem by having rapid repeat 

viewing, but tend to be relatively coarse spatial resolution, especially away from the sub-

satellite point. Global monitoring from such sensors requires inter-agency coordination as 

different (meteorological) organisations run different satellites, and each satellite has a 

different specification. Coarse spatial resolutions (some kms), sensitivity, and saturation can 

impact the detections, particularly of smaller fires. In any case, not all fires are viewed due to 

cloud cover.  

 

Optical methods can be applied globally from moderate spatial resolution sensors with wide 

fields of view and relatively high repeat coverage. They suffer more directly from cloud / 

smoke issues than thermal data for any particular overpass, but this is less severe at longer 

wavelengths. Further, as long as some view of the surface is available some time post fire (and 

pre-fire, generally) detection can potentially be made. Relatively high repeat coverage is of 

importance in many environments for the detection of wildfires. This is due primarily to the 

dissipation of the products of fire (within a few weeks in Savannas) and/or vegetation 

regrowth over the medium term, both of which can obscure any evidence. Polar orbiting 

sensors with high repeat coverage are typically of coarse spatial resolution (100s of m to 1 

km) that again limits detection thresholds on smaller fires (although clearly they can pick up 

smaller fires that very coarse resolution data). One issue with using wide field of view sensors 

is that viewing and illumination angles vary between acquisitions. This is a solvable problem 

however, as demonstrated in the MODIS product. Algorithms that ignore such issues treat 

these variations as noise and so tend to have higher detection thresholds (or rather are more 

unreliable the smaller the fire impact as the ‗burn‘ signal starts to get swamped by BRDF 

effects). Medium resolution optical sensors (5m-100m) can be used to detect the presence of 

fires but tend to have a lower observation frequency (and suffer from cloud issues as above). 

They are especially useful for delineating fire boundaries, particularly for smaller fires, 

although this is often achieved by manual ‗photo interpretation‘ or at best in a semi-automated 

manner. One other issue with low observation frequency is that a higher uncertainty much be 

associated with any date of detection. 
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Finally, active microwave data has received some attention in wildfire detection, primarily 

because does not suffer from the same cloud issues as other methods. This is of great 

importance for fires in Tropical regions that may be near-permanently under cloud cover. The 

drawback of such methods is that it is generally difficult to attribute a change in the 

microwave signal to fire. This may be aided by some degree of fusion, e.g. with the occasional 

thermal observation, but is far from a panacea. 

 

It is not the role of this project to develop new fire-affected area detection methods, although 

as we shall see, this work has potential implications for this stage of monitoring. Beyond the 

detection of areas that are undergoing or have undergone wildfire impacts, various EO 

methods aim at refining some information regarding the impact of the fire. In fact, most 

approaches, and certainly most current products, stop at the point of fire-affected area 

detection – a limitation of this in subsequent interpretation of the data (or use in models) is 

that the fire impact must be considered binary over the pixel, i.e. estimates of total ‗burned‘ 

area are performed by summing the number of pixels detected and multiplying by the pixel 

area. There is no differentiation between a fire with a large impact and one with a smaller 

impact, except in the sense that smaller impact fires are less likely to be detected. Such 

estimates of fire-affected area are then used in a so-called ‗bottom-up‘ method (factoring in 

estimates of fuel loads, carbon content of such fuels (emission factors), and the proportion of 

fuels that are combusted) to estimate carbon emissions. 

 

The main ways in which some information on the impact of fire may be interpreted from 

satellite data are: (i) optical fire severity measures; (ii) the near direct estimation of carbon 

consumed by fire via interpretation of fire radiative energy estimates (achieved as an integral 

over time of fire radiative power); (iii) ‗direct‘ measurements of the difference between pre- 

and post fire standing biomass, for instance via active microwave or lidar measurements or 

from e.g. vegetation indices; (iv) proportionate area affected by fire from spectral unmixing; 

and (v) atmospheric measurement of gasses and particles released by fire. The distinction 

between these approaches is not entirely clear-cut: all methods rely on the labelling of an area 

(pixel) as being affected by fire (other than atmospheric measurement, but this requires 

inverse modelling to attempt to attribute the fire source). Further, approaches (i) and (iii) (and 

to some extent (iv)) tend to involve some difference between a ‗pre-fire‘ and ‗post-fire‘ signal 

and try to attribute that change to fire impacts.  

 

An example of this is the use of NDVI for fire impact assessment, relying on the contrast 

between visible and near infrared signals. The underlying principle is that NDVI is responsive 

to vegetation amount (really though, green vegetation amount). This can be related empirically 

to leaf area index, thence some form of biomass assessment (at least green, leaf biomass which 

may be empirically-related to other elements of biomass). NDVI change then, is both a form 

of optical fire severity measure and a form of surrogate for biomass change. It is not a very 

subtle tool however. Other optical measures such as NBR rely on the difference between near 

infrared and shortwave infrared signals, and are more responsive to vegetation (and soil) 

moisture changes. All such measures are difficult to apply globally and tend to require some 

form of local calibration. This is one reason why much interpretation of fire impacts (e.g. from 

medium resolution sensors) is often only semi-automated. Whilst is not impossible to 

automate local calibration (e.g. using active fire data), it would be preferable to have a more 
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generic method that didn‘t require this. Whilst signals such as NBR and NDVI have been 

variously related to ground measures of fire impact, the compound effect of the fire impact is 

in nay case rather difficult to quantify in any numerical sense. With calibration, the measures 

tend to be capable of matching a low severity measure with low impact, and a high measure 

with high impacts, but their efficacy between these limits is not clear, and any direct 

interpretation of the measure is complex at best. 

 

Fire radiative energy approaches are very attractive since they can directly provide 

information on the amounts of biomass being burned (and carbon released), and have been 

incorporated into this study both as part of the concept as to how fire impact should be 

measured and alternatively as a route to validation of fire impact measures. We have not 

considered direct (biomass change) estimates in any great detail in this study, other than in the 

sense of producing a new method to estimate the fractional area of a pixel affected by fire 

from the change in spectral reflectance. This does not relate directly to biomass however, but 

can be multiplied by pre-fire fuel load to provide and estimate of that. Other promising 

technologies for direct biomass change estimation include lidar and active microwave 

technologies. As noted above, microwave signal changes can be used to delineate fire impact 

boundaries, and since calibrations are generally made between backscatter and biomass there 

is scope for direct estimation. Complications arise however due to moisture variations (from 

other causes) and inherent noise (speckle) issues, although repeat viewing can overcome some 

of these. There is good potential for using lidar for monitoring fire impacts and there has been 

recent progress in this area from airborne monitoring campaigns. An advantage is that the 

signal of change can be very clear, but a practical issue for global monitoring is the likely 

paucity of spatial sampling from any practical spaceborne system. That said, most current 

strategies for using spaceborne canopy lidars rely on using the sparse spatial samples to 

calibrate some surrogate measures (e.g. of canopy height or biomass, via continuous 

microwave coverage or BRDF information), so similar concepts could potentially be applied 

to fire impacts.  

 

The use of spectral mixture models for fire impacts essentially involves taking hyperspectral 

data post-fire (often comparing with pre-fire conditions), defining endmember spectra for the 

various cover types of interest (broadly, green vegetation, brown vegetation, soils, and char, as 

well as complicating factors such as cloud or shadow) and estimating the proportion of these 

in the scene. Such methods can be very effective when applied to high spatial resolution 

airborne data, although they suffer from all of the ‗traditional‘ issues of such methods 

(variation of within class spectra etc., the difficulty in defining pure endmembers, etc.). There 

have been very few hyperspectral instruments in space (especially with shortwave infrared 

channels) and no attempt at routing monitoring from such data, although clearly the products 

of fire can be readily detected in many instances. There have been various studies examining 

(active fire) shortwave infrared emissions as a variant on the thermal methods mentioned 

above, as well as relevant atmospheric measurements from such sensors. 

 

A discussion of atmospheric measurement of trace gasses and particles for fire-related 

monitoring (and consideration of relevant sensors) is beyond the scope of this project and not 

considered in any detail.  
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One other area related to wildfire studies that is not considered here is that of determining fuel 

moisture, which is often used in EO estimates of ‗fire danger‘. 

10.2.2 Summary of results from this study 

In this study, we have built three types of optical radiative transfer model of fire impacts: (i) a 

semi-analytical multi-layer GORT, where fire impacts are modelled by removing overstorey 

vegetation and/or replacing material from the grass layer with exposed soil and char; (ii) 

detailed 3D models of grass and overstorey, modelling grass fire impacts via the replacement 

of grass objects with exposed soil and char; (iii) a simple linear model of fire impact, 

parameterised by a compound term fcc representing the fraction of a pixel affected by fire and 

the proportion of material that is affected by fire, along with two terms controlling the 

expression of the post-fire signal (the ‗burn signal‘ representing char, ash and /or exposed 

soil).  

 

We have proposed the linear model as a simple, practical model that can be applied across the 

shortwave radiation regime to characterise fire impact. The semi-analytic modelling was used 

to explore the general behaviour of this model and arrive at a clear way of interpreting the fcc 

term, especially with regard to complications arising from BRDF effects. In essence the fcc 

that can be estimated from this model refers to the proportion of projected sunlit area viewed 

that has been affected by fire. In the absence of an overstorey (or if the overstorey is affected 

the same way by fire as the understorey), the signal does not vary with viewing and 

illumination angle, but in the presence of an unburned overstorey, there is a clear directional 

variation that is a function of the overstorey proportion. There is in addition a slight 

complicating factor relating to the contrast between vegetation affected by the fire (e.g. the 

grass layer) and that unaffected, although this can be somewhat compensated for by making 

the burn signal parameters depart from their true meaning. 

 

The 3D modelling has been used to overcome some of the deficiencies of the semi-analytic 

model in representing fire impacts, and we have demonstrated plausible fire impacts with 

numerical simulation of the 3D radiation transport. There were issues regarding the 

measurements required to generate the 3D models required for this task, and also regarding the 

detailed modelling of fire impact. That said, the model developed represents a major step 

forward in developing a tool and methods for simulating such impacts. Due to cloud cover 

issues during a field campaign in Kruger National Park, South Africa, we were unable to 

perform as much validation of the model as had been hoped. Further, expected data from the 

hyperspectral CHRIS-PROBA sensor were not obtained at times suitable for this task. In 

particular this meant that full simulations incorporating estimates of carbon release from FRE 

data were not possible for the campaign data. The campaign did however also make 

significant contributions to further validation of the FRE approach and also to new estimates 

of emission factors from fires. 

As another strand of attempting to validate the linear model, we have applied the model to 

fire-affected pixels determined by the operational MODIS burned area product, deriving fcc 

estimates from the MODIS data pre- and post fire. The results are very plausible, but again 

difficult to validate directly. We have compared a bottom-up estimate of carbon release by 

fires with this approach to that from FRE data derived from SEVIRI on the MSG platform. 
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This necessitated the estimation of fuel load data that was achieved by a combination of 

MODIS data and modelling. We note that a theoretical lower bound estimate of fcc (according 

to the linear model) is given by the largest relative change in near infrared or shortwave 

infrared (this would assume that the reflectance of post-fire materials was zero) and an upper 

bound by unity. In this way we were able to place our fcc estimates in a context and 

understand whether discrepancies between the bottom-up and FRE methods could be 

attributed to errors in the approach adopted or other sources (errors in the fuel load, errors in 

the MODIS fire detections or errors in the FRE estimates). We also performed comparisons 

between fcc as estimated in this work and scaled versions of other widely used metrics, such 

as NBR and NDVI. Whilst we obtain a reasonable relationship between the two approaches, 

the discrepancies between the various fire impact measures is seen to be smaller than the 

discrepancies that can be attributed to other sources, so there is no direct demonstration that 

the fcc approach is more accurate that the other measures. That said, the fcc approach has three 

other advantages: (i) it does not require local calibration (measures of NBR and NDVI were 

simply scaled between their minimum and maximum values to provide a surrogate for fcc); 

and (ii) the ‗burn‘ model parameters provide a potentially interesting additional dimension of 

output that may contain information on the nature of the fire impact (e.g. char, ash, exposed 

soil etc); and (iii) the fcc measure is defined relative to a generic spectral model of a ‗burn 

signal‘ and as such has a clear physical meaning and the ability to be used from sensors with 

different wavebands. 

As part of the development of the ‗generic burn signal‘ we analysed the ability of some 

different spectral sampling regimes (specifically hyperspectral sampling across the shortwave 

regions, MERIS and MODIS, but more generally visible/near infrared only against some fuller 

sampling over the shortwave region) to differentiate between the ‗burn signal‘ (char, ash, 

exposed dry soil) and other materials (green vegetation, brown vegetation). The results for 

MODIS and the hyperspectral sampling were very similar, showing that sub-sampling across 

the shortwave regime is sufficient. For the more limited sampling of MERIS (visible/near 

infrared) there was a much higher likelihood of confusing senesced vegetation and soils 

however. 

Some attempt was made to validate the fcc measure derived from MODIS through comparison 

with burned area polygons derived from Landsat ETM data. A specific issue that arose in 

these comparisons was that such measures fail to take account of the sub-pixel proportion of 

area affected by fire in the ETM data, and so at best provide an upper bound to fire-affected 

area estimates. 
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10.2.3 The relevance of the algorithm to the exploitation of data from 
ESA and related sensors and missions 

We now discuss some general issues regarding the possible roles of specific ESA (and related) 

satellites and sensors likely to impact wildfire monitoring and/or benefit from the results of 

this study. 

 

1. ENVISAT
14

 

The sensors AATSR
15

 and MERIS
16

 on the ESA polar orbiting satellite ENVISAT are 

of relevance for fire monitoring, although they have not received as great an amount of 

attention as for instance NASA MODIS
17

.  

a. AATSR follows from ATSR
18

/ATSR-2 in being used to produce active fire 

detections in the World Fire Atlas from saturation or near saturation of the 3.7 m 

(thermal) channel. Saturation implies that the instrument is not suitable for FRP 

estimates, and so cannot be directly used for FRE-based monitoring. The 

instrument senses at optical channels relevant to the application of the fcc 

algorithm, but with only 4 wavebands it would be difficult to apply. The rather 

poor angular sampling of these instruments (2 views) means that it is possibly 

difficult to treat medium-term BRDF-induced variations with time, although this 

has not received any real attention. If AATSR views were available immediately 

pre- and post-fire, the BRDF effects would likely be relatively small, as the 

viewing and illumination angles should not have changed significantly. Orbital 

convergence effects mean that at higher latitudes, although consecutive views are 

more likely to be achieved, there may be some significant variation in the sun 

angles and the azimuth of the forward viewing sensor. Of some interest would be 

the estimation of fcc from these two view angles however. The semi-analytical 

modeling suggests that this should contain information on whether the fire was a 

grass fire, masked by an overstorey (i.e. if fcc varies with angle), or whether the 

whole canopy was affected to the same extent (if fcc doesn‘t vary with angle). This 

same argument applies to any instrument with multiple view angle capabilities 

(such as CHRIS-PROBA
19

 or the NASA MISR
20

 instrument, although neither of 

these have any shortwave infrared sampling). In summary, there would be value in 

exploring the application of the fcc algorithm with AATSR and similar 

instruments, although the small number of wavebands means that some form of 

                                                 
14

 http://envisat.esa.int/earth/www/area/index.cfm?fareaid=6 
15

 http://envisat.esa.int/instruments/aatsr/ 
16

 http://envisat.esa.int/instruments/meris/ 
17

 http://modis.gsfc.nasa.gov/ 
18

 http://www.atsr.rl.ac.uk/ 
19

 http://www.chris-proba.org.uk/ 
20

 http://www-misr.jpl.nasa.gov/ 
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spatial regularization may be required to constrain the result. There are some 

potential issues with BRDF effects that would need to be considered. 

b. MERIS only samples in the visible and near infrared. Whilst these wavelengths can 

possibly be used in fire-related information extraction, algorithms that use the 

middle infrared tend to be more reliable. That said, if the presence of a fire had 

been detected from some other means (other sensors) the algorithm for estimating 

fire impacts could straightforwardly be applied to MERIS (or similar visible/near 

infrared sensors). The same issues discussed above regarding solar BRDF effects 

apply to high latitude MERIS observations, but taking pre- and post-fire images 

from the same orbital track would essentially obviate the need for BRDF 

corrections.  

 

2. Earth Explorers
21

 

None of the current Earth Explorers are in any way targeted at fire monitoring. 

 

a. Earthcare
22

 is likely relevant, but being a platform for atmospheric monitoring 

it is not considered further here. (The Multispectral Imager MSI may have 

some relevance). 

b. Likewise, atmospheric circulation/wind information from ADM-Aeolus
23

 is of 

general relevance but outside the scope of this report.  

c. There is some potential relevance of SMOS
24

, although being related to soil 

moisture, this is likely more in the domain of ‗fire danger‘ and not considered 

further here. 

Of the proposed future Earth Explorers, we can identify potential roles for: 

 

d. BIOMASS
25

, in the sense discussed above for biomass change estimation, as 

well as strongly related areas such as regrowth biomass. Indeed, even if 

BIOMASS were used only to quantify pre-fire biomass that would provide a 

good deal of information relevant to estimating carbon release from fires. Since 

the P band biomass estimate will relate essentially to woody biomass, this is of 

further value in quantifying the fuel load of a particular biomass pool. It seems 

unlikely to straightforwardly measure grass biomass change, unless this could 

be picked up as a change in surface roughness.  

e. PREMIER
26

 (atmospheric, so not considered further). 

                                                 
21

 http://www.esa.int/esaLP/ASEWGWNW9SC_LPearthexp_0.html 
22

 http://www.esa.int/esaLP/LPearthcare.html 
23

 http://www.esa.int/esaLP/ESAES62VMOC_LPadmaeolus_0.html 
24

 http://www.esa.int/esaLP/ESAMBA2VMOC_LPsmos_0.html 
25

 http://www.congrex.nl/09c01/SP1313-2_BIOMASS.pdf 
26

 http://www.congrex.nl/09c01/SP1313-5_PREMIER.pdf 
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3. Sentinels
27

 

 

a. Sentinel-1
28

, C-band SAR: of some relevance in the context of SAR discussed 

above, although shorted wavelength than BIOMASS, so saturation issues for 

some biomes.  

b. Sentinel-2
29

: with a high resolution optical imager (MSI) is of particular 

interest, because: (i) it is intended to fly as a pair of satellites (same orbit, 180
o
 

apart
30

), increasing sampling opportunities (5 days cloud free), possibly 

enhanced by ‗extended viewing capabilities‘ (which we interpret as off-track 

pointing); (ii) it has 13 spectral bands across the optical range at wavelengths 

relevant to this study (although at varying spatial resolutions up to 60m). The 

opportunities afforded by potentially high repeat coverage and high spatial 

resolution, combined with a significant number and relevant positioning of the 

wavebands is very exciting. The different spatial resolutions imply that either 

an fcc product could be made at the coarsest resolution (60m) or that this could 

be ‗sharpened‘ by using data at the full range of scales. There will of course be 

some (sun angle) BRDF effects between acquisitions from the two instruments, 

and these will be exacerbated with any off-track pointing, but regular imaging 

should allow for modeling and treatment of this. Of all forthcoming ESA 

instruments, Sentinel-2 has the most potential to contribute to the assessment of 

fire impacts. Clearly, algorithms for the detection of fire-affected areas would 

need to be developed, but the band set and sampling frequency gives a good 

deal of flexibility in the approaches that could be adopted (including, as 

mentioned, treating BRDF effects). 

c. Sentinel-3: optical and infrared instruments, OLCI
31

, similar to MERIS, and 

SLSTR based on heritage AATSR but with dedicated low-dynamic range ‗fire‘ 

channels. SLSTR will be able to derive much more detailed active fire 

observations using these thermal channel observations, both daytime and night 

time(unlike (A)ATSR which is night only) and is capable of providing Fire 

Radiative Power (FRP) measurements for the derivation of FRE. In terms of 

optical ‗post-fire‘ observations, it is however difficult to see any novel 

applications here, beyond what could be mentioned for AATSR and MERIS. 

Of particular interest however may be the concept of combining information 

from the higher spatial resolution Sentinel-2 instrument with the coarser spatial 

                                                 
27

 http://www.esa.int/esaLP/SEMZHM0DU8E_LPgmes_0.html 
28

 http://www.esa.int/esaLP/SEMBRS4KXMF_LPgmes_0.html 
29

 http://www.esa.int/esaLP/SEMM4T4KXMF_LPgmes_0.html 
30

 http://esamultimedia.esa.int/docs/S2-Data_Sheet_131108.pdf 
31

 http://www.ioccg.org/sensors/olci.html 
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resolution FRP information and optical observations from Sentinel-3. This 

would require a multi-scale interpretation of the ‗burn signal‘, including BRDF 

effects (for the optical data) but this should be quite feasible based around the 

fcc model developed here.  

d. Sentinel-4,5 – atmospheric so not considered further here. 

 

4. Meteorological missions 

 

a. Meteosat Second Generation, Meteosat Third Generation: geostationary optical 

and thermal imagers, of value as described above for FRP, FRE. They have 

also been productively used for burned area mapping, although this is clearly at 

a rather coarse spatial resolution. 

b. MetOp: polar orbiting satellite with an AVHRR optical and thermal sensor that 

should be capable of fire detection by thermal band saturation (as with 

AVHRR/AATSR) It has broad optical wavebands, but includes a shortwave 

infrared waveband. 

 

5. Others 

a. Medium, high and very high spatial resolution optical imagers (a few 10s of m 

down to sub 1-m) including those from SPOT (Pléiades
32

), DMC
33

, the Spanish 

SEOSAT-INGENIO
34

, the German RapidEye
35

, the Israeli EROS
36

, etc. have a 

role to play in fire monitoring. Although the revisit period for an individual 

sensor may be quite high, most of these are considered directly as constellation 

sensors, giving very rapid coverage and potential for imaging fire impacts. 

CEOS have a concept for a ‗virtual‘ constellation of medium resolution 

imagers that would further increase the viewing opportunities (Land Surface 

Imager)
37

. Spectrally, they are not optimal being visible and near infrared, and 

most of the systems are commercially-based. 

b. EnMAP
38

: the planned German high-resolution hyperspectral mission covers 

the full optical range and is of great relevance to fire impact monitoring. It has 

a 30 m spatial resolution and off-nadir pointing to allow targeted high revisit 

times. 

                                                 
32

 http://www.spotimage.com/web/en/1663-pleiades-very-high-resolution-satellite-

imagery.php 
33

 http://www.dmcii.com/ 
34

 http://directory.eoportal.org/get_announce.php?an_id=10002318 
35

 http://www.rapideye.de/home/news/index.html 
36

 http://directory.eoportal.org/presentations/7914/10063.html 
37

 http://wgiss.ceos.org/lsip/lsic.shtml 
38

 http://www.enmap.org/ 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

354 

10.2.4 Discussion 

Whilst there should be still further testing of the models developed in this study, we believe 

that there is sufficient evidence to suggest that the linear model developed here is a useful and 

very practical approach to estimating fire impact in a clear (albeit radiometric) sense. The 

main requirements for using the model are a pre- and post-fire measurement of spectral 

reflectance (at approximately the same viewing and illumination angles). Whilst it can be 

applied to the visible/near infrared region alone, it is much better applied to a sensor with 

sampling across the shortwave region (i.e. including the shortwave infrared). This is spectral 

issue is hardly surprising as it is well known that use of the shortwave infrared can greatly 

help fire-affected area detection capabilities. Having three parameters, it is best applied to 

sensors with somewhat more than three wavebands. The options for wider application then 

are: (i) some (spatial) regularisation concepts could perhaps be applied to make the inversion 

problem less ill posed; or (ii) the use of some prior information on the expected ‗burn signal‘. 

Initial experiments over Sothern Africa presented in this study suggest that the letter approach 

could be very promising: there seems to be a good deal of regularity in the burn signal 

parameters inferred from MODIS data. Since these parameterise a function across the whole 

of the optical spectrum, they can be directly transferred to other (optical) wavebands, i.e. a 

constraint (especially on the burn signal) from one sensor with ‗good‘ (across the optical 

domain) spectral sampling can transfer information to processing from other sensors with 

more limited spectral sampling. This is a very promising avenue for future development of this 

work. 

 

Looking at sensors in the previous section then, the most interesting sensors on the horizon 

would appear to be Sentinel-2 MSI and EnMAP, both of which interestingly aim at high 

repeat coverage and both of which have high spatial resolution. Of existing sensors, we have 

shown that the model can be applied to the NASA MODIS instrument, and suggest that it 

could easily be incorporated into operational products (especially since the same burn signal 

model can be applied between different sensors). Although wide field of view sensors such as 

MODIS have varying viewing and illumination angles, simple (e.g. linear) BRDF models can 

be applied to normalise these effects. If there are significant angular variations in the other 

sensors being considered (such as EnMAP off-nadir pointing) then it is likely that similar 

BRDF normalisation concepts would need to be applied as well.  

 

One of the main issues with optical detection and characterisation of wildfires is obtaining 

sufficient viewing opportunities. Obviously the best way to achieve the most observations is to 

combine data from any satellite that views the area of interest (c.f.  the CEOS constellation 

concept, given appropriate data policy/pricing). Assuming all sensors are sufficiently well-

calibrated, that geolocation is sufficiently good and that some way of treating atmospheric 

effects can be produced, the main other issues then are: (i) different spectral sampling; (ii) 

different spatial resolutions; (iii) potentially different viewing and illumination angles. One 

way of dealing with these latter effects is using some form of radiative transfer model and a 

data assimilation (DA) system to integrate the disparate datasets (although that approach does 

not simply deal with the issue of spatial resolutions). It is likely that such approaches will be 

developed (e.g. that being prototyped under the ESA ESRIN EOLDAS project) in the medium 

term, although it is not at all clear that there is sufficient information even using such data and 

such methods to be able to reasonably resolve the large number of parameters needed in a full, 
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multi-layer radiative transfer model (such as the semi-analytic model developed here). The 

strength of such DA systems is that information can be integrated from any wavebands and 

any viewing/illumination angles (for which the model is capable of working). As an interim, 

or whilst such approaches are considered then, the simple linear model proposed here has 

certain attractions, namely, so long as some BRDF modelling can be performed to correct for 

angular effects (as done with MODIS here) the spectral model underlying the approach is 

defined across the full shortwave spectrum, so information from sensors with different spectral 

sampling characteristics can potentially be combined. 

 

As a final comment here, we note that the model has produced some very interesting results 

when applied to MODIS data (including rather stable burn signal parameters in time and 

space). Whilst the model clearly needs testing over a wider range of environments, the 

algorithm as it stands could be quite directly implemented into the MODIS processing chain 

(this already performs the angular modelling required and some propagation of uncertainties). 

This is probably the most direct route to operationalisation of the work in this study, given that 

BRDF effects are not currently treated in most other algorithms. The incorporation of an fcc 

parameter in such products would greatly enhance the use of fire-affected area information, 

particularly in the context of Essential Climate Variables. Quantification of fcc would also 

greatly help in comparisons between different fire products as their detection thresholds could 

be more clearly examined, and agreement between products be more robustly checked by 

testing as a function of fcc. 

 

10.2.5 Summary of key recommendations 

1. The fcc approach should be developed in operational algorithms for fire-affected area 

products; 

2. Whilst the fcc algorithm has been demonstrated using MODIS data, the method is 

directly transferable to other sensors. This can include any sensor sampling at relevant 

wavelengths (ideally with some sampling in the shortwave infrared, but also sampling 

at near infrared wavelengths). The method should be further tested against existing 

ESA sensors and prototypes developed for studying the application of the algorithm 

for Sentinel missions; 

3. Application of the approach to sensors with a relatively small number of wavebands 

(e.g. AATSR/SLSTR) or less well-placed wavebands (such as MERIS/OLCI) would 

best be performed with some constraint from other data. Since the spectral model is 

generic across the shortwave regime, expectations of the burn signal parameters can 

straightforwardly be constrained in an optimal estimation framework; 

4. BRDF effects in optical data from these sensors needs treating (e.g. with kernel-driven 

models) prior to the estimation of fcc (c.f. the MODIS burned area algorithm); 

5. Although the results of this study regarding the use of both FRE data and fcc data are 

interesting, they were not able to close the gap on the bottom-up and top-down 

methods. This requires further investigation; 
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6. The fcc approach has for the most part been studied here only in Sothern Africa. Wider 

testing of the method is required; 

7. Assuming that viewing opportunities is one of the major limiting factors for optical 

and thermal remote sensing of fire impacts, further studies should concentrate on the 

use of multiple data streams in fire regime characterization. The potential for multiple 

optical instruments has been discussed here, as well as the combination of optical and 

thermal. This should be extended to include microwave observations, and importantly 

deal with observations at different spatial resolutions. 

10.3 Modelling of fire impacts 

In this section, we briefly review the advantages and disadvantages of the various models 

generated in this study and make suggestions for their exploitation and further development. 

Since an assessment of the models performance, suitability, accuracy and reliability was made 

in  section 9, we refer to that information for background.  

10.3.1 Semi-analytical modelling 

The GORT model used in this study is derived from that of Ni et al. (1999). The purpose of 

the modifications is to allow simulation of fire impact in a multi-layer canopy (i.e. tree cover, 

a herbaceous layer and an underlying soil). In the modifications, the herbaceous layer is 

simulated with a 1-D radiative transfer model (Gobron et al., 1997). 

 

To understand the operation of the model, consider first the original GORT model: for a given 

set of crown geometric parameters, the proportion of sunlit and shaded components that can be 

viewed from some particular viewing and illumination geometry are calculated. These ‗core‘ 

parameters are calculated by considering the projection and overlap of spheroidal objects onto 

a ground plane and onto each other. The addition of a 1-D model enables the inclusion of an 

understorey layer, a very relevant addition to understand the effects of surface/crown fires.  

 

The model requirements to explore the proposed FCC methodology are fairly modest. The 

FCC model explains the apparent FCC calculated by the model (assuming it is based only on 

pre- and post-fire spectral measurements and the generic ‗burn signal‘ model) as the true value 

of FCC (with CC defined in a radiometric sense as the proportion of pre-fire material 

reflectance that is converted to a ‗burn signal‘) modulated by the sunlit proportion of the fire-

affected layer that is viewed relative to the total sunlit area viewed. In this case, the second 

model ought  (i) to provide a reasonable expectation of the first order effects (variation in 

sunlit and shaded components viewed), and (ii), to provide an estimate of second and higher 

order effects, such as multiple scattering, and the ranges of contrasts between crown and 

understorey component reflectances. Taking these requirements into consideration, a hybrid 

GORT model is a suitable choice for validating the linear model. The first order effects and 

the more complex multiple scattering are reliably covered by the GORT model, which is made 

to address a layered canopy with different components by extending the model with a 

reasonably accurate model of a grassland/shrub understorey reflectance. 

 

The explicative mechanism we propose for the linear FCC model is arrived at by considering 

first-order mechanisms only, and in that sense, whatever the hybrid GORT model predicts as 
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sunlit and shaded scene components, this conclusion will hold as a general principle. We can 

state then that the absolute accuracy of the GORT model is not very relevant to developing our 

understanding of the linear FCC model operation. Rather, its use is to provide a set of typical 

realistic scenarios for varying scene components and also a set of realistic values for the 

second-order effects that further complicate the FCC model parameter interpretation. These 

second-order effects can be considered as: (i) those that cause variations in the scene 

component reflectances beyond the direct fire impact; (ii) departures from the operational 

assumption that the reflectance of the fire-affected portion of the pixel (that is sunlit and 

viewed) can be approximated by the total pre-fire reflectance.  

 

In essence, the former involves mainly variations in multiple scattering between scene 

components. An example of this is the case of a green overstorey with a ‗brown‘ (senesced) 

grass understorey where only the understorey is affected by fire. There will be some degree of 

multiple scattering both within the tree crowns and between crowns. This component (that 

does not interact with the grass layer) will be the same for both pre- and post-fire conditions, 

so the subtraction of pre and post-fire reflectance (for any waveband) will cancel these terms 

out. There will however be some component of multiple scattering between the crowns and 

the grass layer, and if the grass layer reflectance decreases due to fire, this component of 

multiple scattering will also decrease. An error is therefore introduced into the retrieval of 

FCC due to this term. As the above discussion points out however, this is in itself only a 

proportion of the multiple scattered contribution. We can suggest therefore that it is likely to 

have only a small impact. For a dense overstorey, the predominant multiple scattering as 

viewed by a remote sensing device is likely to be between and within crowns: what multiple 

scattering there is between the crown and grass layer will be reduced by a transmission 

through the crown. For a low density canopy, the total multiple scattering interaction between 

crown and grass layer will be of smaller magnitude in any case. The role of the hybrid GORT 

model in this context is to provide some reasonable estimate of these this term so that its 

impact can be assessed in the round. We have argued that this impact will in any case be 

small, so as long as it is included and the model provides the right order of magnitude 

calculation of this term, its details are likely unimportant for assessing model operation. 

 

It is likely then that the second type of error introduced above, that caused by departures from 

the operational assumption that the pre-fire reflectance can be assumed equal to the reflectance 

of the area affected by fire, is more important. That said, the explicative model produced in 

section 3 provides an explicit mechanism to assess the main effects of this term. If we imagine 

a ‗brown‘ tree layer and a ‗brown‘ grass layer and consider only the latter affected by fire, 

then the contrast between the reflectances of the two components will be small (b0 is small in 

equation 3.25). The reflectance of the affected area will therefore be close to that of the 

unaffected area, and the FCC reported will be a true reflection of the proportion of (sunlit) 

area affected that is viewed by the sensor. The fact that there is some layer of trees ‗blocking‘ 

the sensor from ‗seeing‘ whether there is any grass burned under the trees is a somewhat 

inevitable limitation of the optical remote sensing in this context. We might well be able to 

build a more sophisticate model than the linear FCC model to try to better interpret the data 

and make some inference about what is not directly seen by the sensor (such as that discussed 

here) but it would be a much more difficult task to try to invert such a model (with a tree layer, 

grass layer and soil layer) and the quality of derived information may not be worth the effort 
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without some significant injection of information from other data sources (such as lidar 

perhaps). Accepting this ‗blocking factor‘ as inevitable then, the role of the GORT model is 

seen to be the provision of reasonable estimates of these terms (for the tree geometries 

defined) and, importantly in this study, the angular variation of these terms. It must also be 

capable of providing a reasonable simulation of the likely contrasts between tree and ground-

layer reflectances (thence b0), which is more a function of the range of scenarios considered 

that the details of this particular model.  

 

A limitation of this stream of modelling however is the way in which we incorporate fire 

effects in the various layers. For a ‗realistic‘ test of the model, the assumptions made 

regarding fire impact (proportionate conversion of the grass layer to grass and char, for 

example) are really rather too close to the assumptions in the linear model to provide a full 

test. The same issue applies to the fire impact modelling applied to the tree layer: fire is 

assumed here to simply remove some proportion of the trees from that layer. This is clearly 

rather unrealistic, but is more a function of what can be achieved within this form of average 

radiative transfer modelling than a lack of imagination in the modelling of fire impacts (all 

other efforts using similar forms of models make rather similar simple assumptions about fire 

impacts). 

 

10.3.1.1 Summary of key recommendations 

The semi-analytic modelling of fire impacts is rather simplistic and at times circular for testing 

algorithms: more complex mechanisms for the description of fire impacts might be considered 

if such models are to play a significant role in algorithm testing. At the same time, more 

complex modelling increases the number of parameters and is likely to make future 

opportunities for direct estimation of fire impact from such models more intractable. 

 

10.3.2 3D numerical modelling 

The 3D model development undertaken for the project has involved essentially three stages:  

 

1. Collection and generation of 3D structural information to construct 3D canopy models; 

2. Testing and validation of the 3D resulting 3D models against structural and 

radiometric observations; 

3. Generation of pre- and post-fire 3D reflectance allowing testing of the linear model 

algorithm. 

 

The following sections address each of these components in turn, providing an outline of some 

of the issues and challenges encountered and recommendations for future development of the 

approach arising from the work carried out here, along with synergies with other work for fire 

applications.  

10.3.2.1 Generating 3D information 

Perhaps the biggest single limitation of the 3D modelling approach is the time required to 

generate and test/validate the 3D model structure and radiometric properties, particularly of 

tree canopies. Here, generation of structural information involved field measurement of > ha 
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sized plots to estimate tree numbers, sizes and collect estimates of LAI. This information 

required significant processing and development to turn field measurements into parameters 

which could be used to constrain the development of 3D model generation (using the 

OnyxTREE© software in this case). This type of detailed 3D information has been rather 

scarce in the past, tending to be restricted to small plots, typically of homogeneous and/or 

managed species (Sinoquet et al., 1998). However, such information is becoming more widely 

available partly as a result of the information being useful in a range of studies (Mosdorf et al., 

2004; Kuusk et al., 2008; Stuckens et al, 2008; Somers et al., 2009). For example, data of this 

sort are currently being used in the 4
th

 phase of the RAMI (Radiative Transfer Model 

Intercomparison) exercise as the basis for highly realistic 3D stand models (http://rami-

benchmark.jrc.ec.europa.eu/HTML/RAMI-

IV/EXPERIMENTS4/ACTUAL_CANOPIES/ACTUAL_CANOPIES.php). 

 

It should be noted that there are a range of alternative 3D model generation software tools 

available. An advantage of OnyxTREE© is that is relatively cheap (~$200-$300), very 

flexible, including a range of pre-defined models of various tree, shrub and grass species 

which can be easily modified, and will output in a format (Wavefront .obj) that is compatible 

with librat. The disadvantage is that it is not possible to give away models generated from the 

software, as they are licensed under copyright. Other commercial tools such as xfrog are 

available to do similar things (similar restrictions apply to the output), but generally at greater 

cost. There are other open-source software tools in the public domain such as graphtal, 

developed by the functional-structural plant modelling community. 

 

Clearly, to extend the approach developed here more widely, 3D information is required pre- 

and post-fire for additional biomes, particularly conifer and broadleaf forest. Given that 

credible 3D datasets already exist covering a range of conifer and broadleaf forests pre-fire, 

some of this work has already been done. However, measurements are rarely made pre- and 

post-fire. 

 

Ground-based measurements (tree number density, height, canopy size, LAI etc.) for 

generating 3D model structure are time-consuming if required on scales suitable for 

generating models of multi-ha (several 100m on a side). This is certainly the case for remote 

sensing simulation studies, particularly of areas large enough to be seen from space. However, 

a key development here that is starting to be more widely exploited is the application of 

ground-based and airborne lidar instruments (e.g. Morsdorf et al., 2004 and Disney et al. 2010 

and references therein). Such instruments can provide detailed, high resolution (<<1m) 

estimates of a range of parameters that can be parameterised to generate 3D models, and/or 

can be used to test and validate 3D models generated from more intensive field measurements. 

Increasingly, airborne instruments are full-waveform meaning that information on vertical 

canopy structure is becoming available. Ground-based instruments, currently typically 

designed for surveying instruments, are generally first-return ‗ranging‘ instruments. However, 

new developments include scanning ground-based waveform lidar instruments, of which there 

are at least two in use or development (Strahler et al., 2008), which provide hemispherical 

estimates of 3D, distance-resolved canopy structure. Proposals are also under way to develop 

multi-spectral lidar instruments (Morsdorf et al., 2009), which would enable much-improved 

(spectral) discrimination between canopy and ground and/or green and woody material within 

http://rami-benchmark.jrc.ec.europa.eu/HTML/RAMI-IV/EXPERIMENTS4/ACTUAL_CANOPIES/ACTUAL_CANOPIES.php
http://rami-benchmark.jrc.ec.europa.eu/HTML/RAMI-IV/EXPERIMENTS4/ACTUAL_CANOPIES/ACTUAL_CANOPIES.php
http://rami-benchmark.jrc.ec.europa.eu/HTML/RAMI-IV/EXPERIMENTS4/ACTUAL_CANOPIES/ACTUAL_CANOPIES.php


Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

360 

the canopy. New software and processing methods are being developed in parallel to these 

instrument developments to enable exploitation of the data. This includes understanding how 

such information can best be used to either parameterise, or drive 3D models of canopy 

scattering.  

 

An ideal method, then, for collection of 3D data for a fire application such as this one would 

be a field campaign that coupled (near) simultaneous ground-based and airborne lidar 

measurements, pre- and post-fire, with spectral measurements and augmented by manual 

measurement for validation. Manual measurement would only be required at limited locations 

surrounding the ground-based lidar scans, and the airborne data would provide the extension 

to the wider area. Few such surveys have been carried out so far, although some limited 

examples have been carried out (Omasa et al., 2008). A larger experiment has been carried out 

in Australia (Lee and Lucas, 2007), which has recently been extended to areas affected by fire 

(pers. comm. Prof. R. Lucas). These data have been used to generate empirical estimates of 

biomass and canopy structure but the full 3D information has not been fully exploited due to 

the lack of tools for development of explicit 3D models. Plans to exploit the 3D component 

more fully are in development.  

10.3.2.2 Testing/validating the 3D models 

In this work, validation and testing of 3D model has been carried out via comparison of 

structural parameters estimated in the field with those of the 3D models (height, LAI, gap 

fraction), as well as the 3D model radiometric output against field measurements and EO. This 

model validation process is difficult for two reasons. Firstly, it can be time-consuming as it 

requires iteration around 3D model generation, testing, and subsequent updating of the 3D 

models. The results shown here are good, but indicate the limitations of both the models 

(difficulty of generation and testing) and the field measurements (collecting enough ‗good‘ 

data to ensure adequate validation). The second reason for the difficulty of validating the 3D 

models is that collecting pre- and post-fire reflectance data of sufficient quality proved to be a 

challenge from both ground and EO platforms. This is dependent on several things, but 

primarily timing i.e. cloud-free conditions, ideally multiple view and sun angles, at times 

immediately pre- and post-burn. Airborne multispectral data would be of significant advantage 

in this case. It is worth noting that airborne lidar instruments are often flown alongside 

imaging devices during field campaigns. 

 

In summary, a significant component of the development of the 3D modelling work requires a 

database of pre- and post-fire BRDF measurements. However, if these measurements are of 

sufficient quality (scale, radiometric precision etc.) these can be used and re-used to test new 

3D models.  

 

10.3.2.3 Generation of 3D model reflectance 

Once the 3D models have been developed and tested, then generation of the 3D model 

reflectance is relatively straightforward, albeit requiring significant processing power. The 

cheap cost of increased CPU power, and the efficiency of the librat code means that on a 

single machine with eg a quad core 3GHz CPU and 8GB of RAM, a string of full spectrum 

BRDF simulations for a given 3D scenario comprising 100 or so angles (30+ view angles, 3 
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sun angles) can be run in a few hours. With multiple such machines, a wide range of different 

structural scenarios can be generated in a few days. 

 

What is clear from the results shown above is that although the model generation is time-

consuming, once the models are generated, the strength of the 3D approach emerges i.e. the 

simulation of complex, realistic 3D scenes, using arbitrary view, illumination and wavelength 

conditions, which impose few assumptions on the resulting simulations. The key assumptions 

required are obviously the 3D structure (relatively hard to change), the radiometric behaviour 

of the scene components (very easy to change), and the assumptions inherent in the Monte 

Carlo ray tracing process (number of scattering orders, reflectance/transmittance sampling, 

speed of convergence, ray intersection tolerances etc. all of which are modifiable but can 

require testing and sensitivity analysis). Given these assumptions, the models have proven 

suitable for two key purposes: realistic 3D scenario simulation i.e. simulation of scattering 

from a particular set of canopy structural and radiometric configurations; and simulation of 

these configurations from a range of possible EO instrument configurations i.e. pixel sizes and 

view and illumination angles. 

 

What we have shown here is that although the assumptions that are made in the simpler 

GORT-type of model allow for much simpler parameterisation and more rapid forward 

modelling, these assumptions are not always met. Even looking at the understorey alone (an 

apparently simple, ‗zero-order‘ case), we have seen that the inhomogeneity of the surface 

(‗roughness‘ due to the size and number of plants), and the resulting shadowing and spatial 

variability of the soil char signal can have effects which are not seen in the simpler RT models 

which do not take this roughness into account. Similarly, the interaction between the 

overstorey and understorey is potentially more complex than the simpler RT models can 

account for. The overstorey does not cast uniform, black shadows on the background; the 

buffering we have used around the trees in particular means there is potentially a significant 

contribution from bare (uncharred), bright soil to the post-fire signal, which is particularly 

sensitive to both the grass density (see above) and the view angle. 

 

These issues, combined with the ability of the 3D models to explore arbitrary canopy and 

sensor configurations, as well as new sources of EO data, particularly lidar, are reasons why 

the further development 3D modelling is of great interest (Disney et al., 2010). An additional 

reason for interest in the 3D model development is the possible coupling of the 3D optical 

models, to 3D thermal models of fire development. This approach is currently in its infancy 

due to the significant data and processing requirements. However, if a common 3D structural 

framework could be developed to simulate both optical and thermal observations, as shown 

for e.g. by Disney et al. (2006) for optical and microwave, then this would be a significant 

development for remote sensing of fire applications, where these two domains provide 

complementary information. 

10.3.2.4 Summary of key recommendations 

 

1. Opportunity exists to exploit the 3D modelling approach much more widely for: 

simulation of arbitrary 3D canopy scenes to test simpler model approaches; simulation 
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of new sensor systems and configurations; synergy with modelling approaches at 

longer wavelengths (e.g. thermal), requiring 3D information. 

2. To achieve (1) there is requirement for a database of 3D structural data pre- and post-

fire across biomes, particularly using combined ground-based and airborne lidar. 

3. Requirement for a wider range of pre- and post-fire radiometric measurements to 

complement (2) and allow for testing and validation. A first stage of this would be to 

collate existing 3D structural measurements to identify gaps and requirements. 

4. Collaboration with existing groups at sites where these measurements have already or 

are being made (very few currently, but more are likely), or where such measurements 

could be taken with relatively small additional effort.  

 

10.3.3 Thermal Modelling 

As stated earlier, the FRE approach to active fire biomass consumption has (briefly) been used 

within the current project to deliver results for comparison to the developed optical remote 

sensing methods.  Whilst the FRE method has been developed using small-scale experimental 

methods (Wooster et al., 2005), and has been applied to both polar-orbiting and geostationary 

satellite observations (e.g. Ichoku et al., 2008; Roberts et al., 2009), there has currently been 

little theoretical study of the relationship between the measurable parameter (Fire Radiative 

Power; FRP) and that desired to be estimated (fuel consumption), for example with regard to 

sensitivities to view angle, fuel geometry, moisture content, wavelength of observation etc. A 

physically based Computation Fluid Dynamics (CFD) fire model (Figure 223) coupled with a 

Radiative Transfer Model could be used to investigate these issues, specifically running 3D 

high spatio-temporal resolution simulations of fuel bed vegetation combustion and the 

associated thermal emission signatures.  In this way, the radiative signature of the simulated 

fires and their comparison to small-scale measurements realised with various thermal imaging 

sensors could be targeted to aid further understanding of the FRE measurement approach, its 

sensitivities and limitations.   
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Figure 234. Fire, trees, and smoke plume. About 90 identical 6 m tall, 3 m wide, cone 

shaped trees are randomly distributed across a 30 m wide x 25 m long area. Axes units 

are meters. Fire is held stationary with bed dimensions of 2 m deep by 30m long with a 

heat release rate of 500 k/m
2
 (based on Australian grassland fires). Colour indicates 

temperature of the fuel particle.  Results from W. Mell using WFDS Fire Modelling 

system (NIST). 

 

Application of the same method to simulate larger scale ‗natural‘ fires observable from 

spaceborne platforms is non-trivial due to the computational demands of the CFD model and 

because of the high spatial resolution required to simulate the physics of fire. It is possible that 

the limitations could be eased by using a parameterised meso-scale fire model for some steps, 

informed by prior (more spatially detailed) WFDS simulations, and then deploying a 3D RTM 

to simulate 2D thermal imagery of the event. Wang et al. (2009) provide a template for this 

type of approach to generating synthetic thermal remote-sensing scenes of wildland fires.  

This would provide a representation of the fire scene at appropriate thermal wavelengths at the 

flame scale (resolving the inhomogeneity of the fire temperature) as well as at the atmospheric 

scale (distribution of the soot particle within the plume), both of which can affect the thermal 

imaging signature. Such an approach could greatly improve our current knowledge of the 

controls on the thermal radiative energy emissions from actively burning vegetation fires in 

the natural environment, and on the use of measurements of these to estimate fire fuel 

consumption and carbon emission, almost all of which has currently been gained from 

empirical experiments.  
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10.3.3.1 Summary of key recommendations 

1. Whilst FRE has a great deal to offer in the practical realisation of fire impact 

monitoring from EO data, there is a need for theoretical studies to fully investigate the 

underpinning science. A potentially fruitful route for this is the development of meso-

scale CFD models of fire development, coupled with thermal and optical radiative 

transfer models. This is quite feasible, developing from this study (and 

recommendations regarding measurement and modelling of 3D vegetation/fuel 

structure) and existing CFD models that could be applied to this problem. 

 

10.3.4 Linear modelling 

10.3.4.1 Other uses of the fcc model 

Most issues and recommendations regarding the fcc model developed in this study have been 

discussed above in the context of ESA and related sensors, with particular emphasis on 

developing the application of the model across multiple sensors.  

 

Considering the potential wider use of this model, we note that since it gives an interpretation 

of the change in spectral reflectance, it is quite feasible to integrate the model into detection 

algorithms (rather than the somewhat arbitrary heuristic rules that are currently used). 

Embedding this model in such approaches would also mean that data from different sensors 

(with different spectral sampling characteristics) could potentially combined in the same 

algorithm. Since we observe that fcc tends to vary quite smoothly spatially, there is scope for 

the development of a spatio-temporal detection model that incorporates smoothness 

constraints on e.g. the date of detection, fcc, and the ‗burn signal‘ parameters.  

 

Figure 224 shows an example of a detection algorithm (based on that of Rebelo, 2005) that, 

along with tracking the BRDF of the underlying signal, provides information on the 

probability of a detection of fire impacts as a function of time. Similar information could be 

generated for the related approach of Roy et al. (2002). Performing detection in a probabilistic 

environment of this sort would be key to merging information from different optical sensors, 

as well as for merging information from different parts of the electromagnetic spectrum. So 

long as the detection at some location and time over a given support can be phrased as a 

probability, the probabilities from different detections can be directly combined using Bayes‘ 

Rule. Figure 225 gives insight into how the spatial context can be brought to bear on the 

problem: the figure demonstrates the spatio-temporal evolution of the ‗burn‘ probability 

measure which we see spread across a large grassland fire in Angola over a period of two 

weeks. Even at the 500m resolution of the data, there is clear autocorrelation between the 

probability measures both in space and time. It can be expected that probability measures from 

different sensors would produce similar patterns, allowing for their direct merging via some 

spatio-temporal regularisation model. The results of this study suggest that the fcc measure 

and related ‗burn signal‘ parameters would vary in a similar way, allowing scope for an 

overall detection and interpretation. By connecting space and time in such modelling, 

approaches developed around these ideas also have the potential to: (i) automatically segment 

the data into individual fires (thence number of ignitions); (ii) provide estimates on rates of 
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fire spread. As well as potentially aiding fire area detection, both of these are of great interest 

to fire modellers. A simple attempt at segmenting the fire-affected area data is shown in 

Figure 226, but this would be greatly aided if performed as part of the detection algorithm. 

Figure 227 shows examples of fire size distribution derived from fire segmentation for two 

MODIS tiles in Southern Africa for the year 2004, along with a modelled log-log line. In 

essence such data shows us that there are a small number of large area fire and a large number 

of small area fires. Characterisation of these clearly observable effects is of great importance, 

although it is generally not included in current global fire models. 

 

 

 

Figure 235. Example of a detection algorithm for a pixel in a southern African savanna 

area of Angola. Top panel: The original reflectance time series from MODIS band 5. 

Note the drop in reflectance on day 228, caused by a fire. Bottom panel: Probability of 

fitting a temporal drop model to the observed time series after BRDF normalisation. 

Note how the probability peaks on the data of the fire occurred. The grey region 

represents some nominal uncertainty around the mean value (red line). 
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Figure 236. A temporal evolution of the probability of burn for a savannah region in 

Angola (size of the box is 50x50km) using MODIS TERRA data, and fitting a step model 

to the normalised reflectance time series. In the grey areas, no fires are detected, but 

notice how the probability rises and shows how different regions light up in a fashion 

consistent with a fire spreading from the NW towards the SE of the central burn 

 

Figure 237. A simple attempt to segment burned area into individual fires, a critical task 

for accurate fire modelling in the context of dynamic global vegetation models. 
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Figure 238. Fire size distribution for two MODIS tiles in  southern Africa, covering 

Angola, Namibia and Botswana 

One further potentially interesting area to apply the fcc model is in examining the dynamics of 

the remote sensing signal post-fire. Looking again at Figure 224, we see that in this grass fire, 

the near infrared signal undergoes an immediate large drop as fire affects the pixel, but that 

within a matter of days after this the signal starts to recover. Indeed, just over one month post 

fire, the reflectance is very similar to the pre-fire signal. The most likely explanation for this in 

this case is that immediately post fire, there is a large deposit of char on the ground, and that 

this largely dissipates over the following weeks, exposing bright soils. We recognise this 

interpretation as the idea underlying the fcc model: that the result of fire is a ‗burn signal‘ that 

can be considered a mixture of char, ash and exposed dry soil. Although we have not 

demonstrated it in this study, we can hypothesise that applying the model to subsequent days 

after the fire would result in a near constant value of fcc combined with a temporal variation in 

the ‗burn signal‘ parameters. Initially these latter parameters would represent mostly char, but 

then tend towards a dry soil signal. Whilst there are some technical difficulties to overcome in 

utilising this approach (such as dealing with the short-term variations in BRDF), it throws up 

some intriguing possibilities. First, if the hypothesis holds, then we could suppose that the fcc 

method would be quite insensitive to the temporal gap between the pre- and post-fire 

observations – the signal variations should be compensated for in the ‗burn signal‘ parameters. 

That would be a very useful property for any detection algorithm. Second, tracking of the 

post-fire recovery signal is of inherent interest and rather poorly (if ever) quantified from EO 

data at present. If the fcc model is able to very well-describe the post-fire signal, then the 

likely explanation for the signal dynamics is soil exposure as noted. As the ‗burn signal‘ 

model becomes less and less capable of describing the dynamics, it might be attributed to 

other causes such as vegetation regrowth. As noted, it is not a simple matter to investigate the 

temporal dynamics of the fcc term, but given the possibilities it offers, it would seem a 

worthwhile direction of future research. 
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10.3.4.2 Summary of key recommendations 

1. The fcc approach should be further investigated to see what role it can play in detecting 

fire-affected areas from optical data; 

2. This should be extended to considerations of spatio-temporal modeling of fires as part 

of detection algorithms and concepts for multi-sensor merging. Target variables to be 

extracted from this processing should move beyond the estimation of a pixel count of 

fire-affected areas, to measures including fcc, fire size, and rates of spread. 

3. The temporal dynamics of the fcc signal should receive some attention. 

10.4 Summary 

In this study, we have developed a range of modelling strategies for describing the impacts of 

fire on optical remote sensing signals. Particular highlights of this include 3D models of fire 

impacts, new FRE and emissions ratio results and a simple practical model to estimate fcc.   

 

Whilst the way in which fire impact is parameterised within the 3D modelling environment is 

relatively naïve, it points the way to future more detailed impact studies, from which we can 

produce simulations of the spectral BRDF before and after wildfires and thereby aid our 

interpretation of satellite data. Although measurement of the pre- and post-fire structure is 

currently rather time consuming and a little ad hoc, we point to technologies under 

development such as ground-based lidars that should prove capable of more simply 

characterising such environments. With such detailed characterisations, we are in the domain 

of cross-over between EO scientists and the fire ecologists and managers, so there is much to 

be learned from multi-disciplinary work in this area. We also point to potentials for using such 

data to drive CFD models of fire and thermal as well as optical models of radiation transport 

to provided a more physical basis of understanding for during fire observations. 

 

The simple model of fcc has been tested in various ways, but importantly it has been applied 

to relatively large quantities of EO data (albeit mainly in one region of the globe at present). In 

any case, this shows the practicality of the method and provides an intriguing glimpse at likely 

results from wide area mapping of such a variable. We believe that the approach has great 

potential for application to other sensors, although we strongly suggest that the best strategy 

for mapping this (and fire-affected area) involves the use of datasets from multiple sensors. 

There is near future potential for this from the ESA Sentinel missions, although there is also 

current (and historical) potential should the full range of data from all relevant sensors be 

used. This study has performed most of the practical demonstrations of the product with 

NASA MODIS data, for many pragmatic reasons, but it would be of great value to see it more 

widely tested and applied.   

 
We recommend future work concentrate on: (i) the testing of the FCC across multiple sensors; 

(ii) the further development and testing of the 3D modelling of fire impacts; and (iii) the 

combination of physically-based modelling of fire propagation and thermal energy emission, 

coupled to the simulation of realistic 2D thermal scenes of these fires, in order to study the 

sensitivities and dependencies of the FRE approach to fire fuel consumption and carbon 

emission.  



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

369 

Acknowledgements 

We are extremely grateful to ESA for funding this study and to Dulce Lajas of ESA ESTEC 

for running and steering the study: it has, we believe, been a very worthwhile collaboration 

with some very interesting developments.  

We acknowledge the support of the Natural Environment Research Council (NERC) for Field 

Spectroscopy Facility (FSF) provision of spectroradiometric equipment and expertise as well 

as the National Centre for Earth Observation (NCEO) for support to Lewis, Disney & Wooster 

over the extended period of this project.  

We are also most grateful for the help of the South African National Parks (SANPARKS) staff 

at Kruger. In particularly Navashni Govender provided logistic and scientific advice without 

which much of this work would not be possible, as well as the extremely accommodating 

helicopter pilots of the National Park Service. Many thanks also to the Krupex08 team (the 

authors plus Maria Tattaris, Ronan Paugam, Patrick Freeborn, Gareth Roberts of KCL, Robert 

Lawson of UCL and Sally Archibald of CSIR Natural Resources and the Environment) for 

their help in collecting and processing field data.  



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

370 

References 

Adams, J. B., Sabol, D. E., Kapos, V., Filho, R. A., Roberts, D. A., Smith, M. O., et al. (1995) 

Classification of multispectral images based on fractions of endmembers: Application to 

land-cover change in the Brazilian Amazon. Remote Sensing of Environment, 52, 

137−154.
 

Albini, F.A. (1976) Estimating wildfire behavior and effects. USDA For. Serv. Gen. Tech. 
Rep. INT-30, 92 p. lntermt. For. and Range Exp. Stn., Ogden, Utah.1976. Wildland 
inventories and fire model gradient analysis in Glacier National Park. In Proc. Tall 
Timbers Fire Ecol. Conf. and Fire and Land Manage.  

Alleaume, S.; Hély, C.; Le Roux, J.; Korontzi, S.; Swap, R. J.; Shugart, H. H.; Justice, C. O. 
(2005) Using MODIS to evaluate heterogeneity of biomass burning in southern African 
savannahs: a case study in Etosha, International Journal of Remote Sensing, Volume 26, 
Number 19, pp. 4219-4237 

Alencar, A., D., Nepstad and M. d. Vera-Diaz (2006). Forest understory fire in the Brazilian 
Amazon in ENSO and non-ENSO years: Area burned and committed carbon emissions. 
Earth Interactions 10:Paper 10-006. 

Amiro, B.D., MacPherson, J.I., Desjardins, R.L., Chen, J.M., Liu, J. (2003) Post-fire carbon 
dioxide fluxes in the western Canadian boreal forest: evidence from towers, aircraft and 
remote sensing, Agricultural and Forest Meteorology, 115, 91–107 

Anderson, H.E., (1982) Aids to determining fuel models for estimating fire behavior, USDA 
Forest Service Intermountain and Forest and Range Experimental Station Ogden UT 
84401, General Technical Report INT-122. 

Andersen, H.E., McGaughey, R.J. & Reutebuch, S.E. (2005) Estimating forest canopy fuel 

parameters using LIDAR data. Remote Sensing of Environment, 94(4), 441–449. 
Andreae, M.O., (1991) Atmospheric, climatic, and biospheric implications. In Global Biomass 

Burning, J.S. Levine (Ed.), pp. 3–21 (Cambridge, MA: MIT Press).  
Arora, V.K., Boer G.J. (2006)  Fire as an interactive component of dynamic vegetation 

models. J. Geophysical Res. 110, G02008, doi:10.1029/2005JG000042. 

Arroyo, L.A., Pascual, C. & Manzanera, J.A. (2008) Fire models and methods to map fuel 

types: The role of remote sensing. Forest Ecology and Management, 256(6), 1239–1252. 

Arya, S.P. (1998) Introduction to Micrometerology. 2
nd

 ed. London. Academic Press. 
Barbosa, P. M., et al. (1999) An assessment of vegetation fire in Africa (1981– 1991): Burned 

areas, burned biomass, and atmospheric emissions, Glob. Biogeochem. Cycles, 13, 933-
950.  

Barnsley, M., P. Lewis, S. O'Dwyer, M. Cutter, M.I. Disney, P. Hobson, and D. Lobb (2000) 

On the Potential of CHRIS-PROBA for mapping vegetation characteristics from space. 

Remote Sensing Reviews, 19:171-189. 
Boer, M.M., Macfarlane, C., Norris, J., Sadler, R.J., Wallace, J., Grierson, P.F. (2008) 

Mapping burned areas and burn severity patterns in SW Australian eucalypt forest using 
remotely-sensed changes in leaf area index, Remote Sensing of Environment, Volume 
112, Issue 12, 4358-4369, ISSN 0034-4257, DOI: 10.1016/j.rse.2008.08.005. 

Bond, W.J., F. I. Woodward, G. F. Midgley (2005)   The global distribution of ecosystems in 
a world without fire, New Phytologist 165 (2), 525–538.   doi:10.1111/j.1469-
8137.2004.01252.x 

Bond W.J., and J. E. Keeley (2005) Fire as a global `herbivore': the ecology and evolution of 
flammable ecosystems, Trends in Ecology & Evolution, 20, 7, 387-394. 

http://www.fs.fed.us/rm/pubs_int/int_gtr030.pdf
http://www.fs.fed.us/rm/pubs_int/int_gtr030.pdf
http://www.fs.fed.us/rm/pubs_int/int_gtr030.pdf
http://www.cnr.uidaho.edu/for451/secure/lessons/lesson03/int_gtr122%5B1%5D.pdf


Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

371 

Bond-Lamberty, B., Peckham, S.D., Ahl, D.E., and Gower, S.T. (2007) Fire as the dominant 
driver of central Canadian boreal forest carbon balance, Nature, Vol 450, 1 November 
2007. doi:10.1038/nature06272. 

Boschetti, L., H. D. Eva, P. A. Brivio, and J. M. Grégoire (2004) Lessons to be learned from 
the comparison of three satellite-derived biomass burning products, Geophys. Res. Lett., 
31, L21501, doi:10.1029/2004GL021229. 

Bowyer, P. and Danson, F.M. (2004) Sensitivity of spectral reflectance to variation in live fuel 
moisture content at leaf and canopy level, Remote Sensing of Environment, Volume 92, 
Issue 3, 297-308. 

Brauer, M. (1999) Health impacts of biomass air pollution. In ‗Health guidelines for 
vegetation fire events background papers‘. (Eds K-T Goh, D. Schwela, J.G. Goldammer, 
O. Simpson) pp. 186–254. (WHO/UNEP/WMO: Singapore) Station Research Paper 
PSW-145.  

Brewer, C.K., Winne, J.C., Redmond, R.L., Opitz, D.W., & Mangrich, M. V. (2005) 
Classifying and Mapping Wildfire Severity: A Comparison of Methods. 
Photogrammetric Engineering and Remote Sensing, 71, 1311-1320 

Burton, M., Oppenheimer, C., Horrocks, L.A. and Francis, P.W. (2000) Field measurement of 

CO2 and H2O emissions from Masaya Volcano, Nicaragua by Fourier Transform 

Spectroscopy, Geology, 27, 915-918. 

Cahoon D. R. Jr., Stocks, B. J., Levine, J. S., Cofer W.R. III, O'Neill, K.P., (1992) Seasonal 
distribution of African savanna fires, Nature, 359, 812-815, doi:10.1038/359812a0 

Chappell, C.B., & Agee, J. K. (1996) Fire severity and tree seedling establishment in Abies 
Magnifica forests, Southern Cascades, Oregon. Ecological Applications, 6, 628-640 

Chuvieco, E. Riaño D, Danson, F.M. and Martin, P. (2006) Use of a radiative transfer model 
to simulate the postfire spectral response to burn severity, Journal of Geophysical 
Research, 111, G04S09, doi:10.1029/2005JG000143. 

Chuvieco, E., Giglio, L., & Justice, C.O. (2007). Global Characterization of Fire Activity: 
Towards Defining Fire Regimes From Earth Observation Data. Global Change Biology, 
in review 

Chuvieco, E., De Santis, A., Riaño, D., & Halligan, K. (2007). Simulation approaches for burn 
severity estimation using remotely sensed images. Journal of Fire Ecology, submitted. 

Cocke, A.E., Fule, P.Z., & Crouse, J.E. (2005) Comparison of burn severity assessments using 
Differenced Normalized Burn Ratio and ground data. International Journal of Wildland 
Fire, 14, 189-198. 

Cohen,W.B., Spies,T.A., Alig,, R.J., Oetter, D.R., Maiersperger, T.K. and Fiorella, M., (2002)  
Characterizing 23 Years (1972–95) of Stand Replacement Disturbance in Western 
Oregon Forests with Landsat Imagery, Ecosystems, 5, 122–137. 

Cohen, W.B. and Goward, S.N. (2004) Landsat‘s role in ecological applications of remote 
sensing, Bioscience, 54(6), 535-545. 

Conard, S.G., Sukhinin, A.I., Stocks, B.J., Cahoon, D.R., Davidenko, E.P., Ivanova., G.A., 
(2002) Determining Effects of Area Burned and Fire Severity on Carbon Cycling and 
Emissions in Siberia, Climatic Change, 55(1), 197-211. doi://10.1023/A:1020207710195 

Csiszar, I., Denis, L., Giglio, L., Justice, C.O., & Hewson, J. (2005). Global fire activity from 
two years of MODIS data. International Journal of Wildland Fire, 14, 117-130 

Danson, F.M. and Bowyer, P. (2004) Estimating live fuel moisture content from remotely 
sensed reflectance, Remote Sensing of Environment, 92, 3, 309-321. 

Denman K. L., Brasseur G., Chidthaisong A. et al. (2007) Couplings Between Changes in the 
Climate System and Biogeochemistry. In: Climate Change 2007: The Physical Science 
Basis. Contribution of Working Group I to the Fourth Assessment Report of the 

http://www.cher.ubc.ca/PDFs/biomass_air.pdf


Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

372 

Intergovernmental Panel on Climate Change (Solomon, S., D. Qin, M. Manning, Z. 
Chen, M. Marquis, K.B. Avery, M.Tignor and H.L. Miller eds.), Cambridge University 
Press, Cambridge, United Kingdom and New York, NY, USA.  

De Santis, A., Chuvieco, E. (2007) Burn severity estimation from remotely sensed data: 
Performance of simulation versus empirical models Remote Sensing of Environment 
108, 422–435. 

De Santis, A., Chuvieco, E., (2009) GeoCBI: A modified version of the Composite Burn 
Index for the initial assessment of the short-term burn severity from remotely sensed 
data, Remote Sensing of Environment, Volume 113, Issue 3, 16 March 2009, Pages 554-
562, ISSN 0034-4257, DOI: 10.1016/j.rse.2008.10.011. 

De Santis, A., Chuvieco, E., Vaughan, P.J. (2009) Short-term assessment of burn severity 
using the inversion of PROSPECT and GeoSail models, Remote Sensing of 
Environment, Volume 113, Issue 1, 15 January 2009, Pages 126-136, ISSN 0034-4257, 
DOI: 10.1016/j.rse.2008.08.008.Díaz-Delgado, R., Pons, X., & Lloret, F. (2001)Fire 
severity effects on vegetation recovery after fire. The Bigues i Riells wildfire case study. 
In E. Chuvieco & M.P. Martín (Eds.), 3rd International Workshop on Remote sensing 
and GIS applications to Forest Fire Management. New methods and sensors (pp. 152-
155). Paris: EARSeL 

Díaz-Delgado, R., Lloret, F., & Pons, X. (2003). Influence of fire severity on plant 
regeneration by means of remote sensing imagery. International Journal of Remote 
Sensing, 24, 1751-1763 

Disney, M.I., P. Lewis, and P. North (2000) Monte Carlo ray tracing in optical canopy 
reflectance modelling.  Remote Sensing Reviews, 18:163-196. 

Disney, M., I. P. Lewis, P. Saich (2006) 3D modelling of forest canopy structure for remote 
sensing simulations in the optical and microwave domains, Remote Sensing of 
Environment. Rem. Sens. Environ., 100(1), 114-132. (doi:10.1016/j.rse.2005.10.003). 

Disney, M. I. and Lewis, P. (2008) Final report of ESA project ESA RFQ/3-12259/07/NL/JA 

“Estimating surface Lidar Reflectivity for A-SCOPE”. 

Disney, M. I., Lewis, P. and Bouvet, M. (2008) Quantifying surface reflectivity for spaceborne 

lidar missions, in proc. IGARSS'08, 5-11 July, Boston, USA, 2008. 

Disney, M. I., Lewis, P., Bouvet, M., Prieto-Blanco, A. and Hancock, S. (2009). Quantifying 

surface reflectivity for spaceborne lidar via two independent methods, IEEE Trans. 

Geosci. Rem. Sens., 47(10), doi: 10.1109/TGRS.2009.2019268. 
Doerr, S.H., Shakesby, R.A., Blake, W.H., Chafer, C.J., Humphreys, G.S., & Wallbrink, P.J. 

(2006). Effects of differing wildfire severities on soil wettability and implications for 
hydrological response. Journal of Hydrology, 319, 295-311. 

Elias, T., Sutton, J.A., Oppenheimer, C., Horton, K.A., Garbeil, H., Tsanev, V.,McGonigle, 

A.J.S., Jones-Williams, G. (2005) Comparison of COSPEC and the twominiature 

ultraviolet spectrometer systems for SO2measurements using scatteredsunlight. Bulletin 

of Volcanology, 68, 313-322. 
Elmore, A.J., Asner, G.P. and Hughes R.F. (2005) Satellite monitoring of vegetation 

phenology and fire fuel conditions in Hawaiian drylands, Earth Interactions, 9, 1-21. 
Engelsen, O., B. Pinty, M. M. Verstraete, and J. V. Martonchik (1996) Parametric 

Bidirectional Reflectance Factor Models: Evaluation, Improvements and Applications, 
EC Joint Research Centre, Technical Report No. EUR 16426 EN, 114 pp. 

Epting, J., Verbyla, D.L., & Sorbel, B. (2005) Evaluation of remotely senses indices for 
assessing burn severity in interior Alaska using Landsat TM and ETM+. Remote Sensing 
of Environment, 96, 328-339. 

http://www.geog.ucl.ac.uk/~plewis/monte_carlo.pdf
http://www.geog.ucl.ac.uk/~plewis/monte_carlo.pdf
http://www.geog.ucl.ac.uk/~plewis/monte_carlo.pdf
http://authors.elsevier.com/sd/article/S0034425705003445


Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

373 

Frank, M. and M. Canty (2003) Unsupervised Change Detection for Hyperspectral Images, 

Proc. AVIRIS workshop 2003. Available from 

ftp://popo.jpl.nasa.gov/pub/docs/workshops/03_docs/Frank_AVIRIS_2003_web.pdf.
 

Fraser, R.H and Li, Z. (2002) Estimating fire-related parameters in boreal forest using SPOT 
VEGETATION Remote Sensing of Environment, 82, 95–110. 

French, N., Goovaerts, P. and Kasischke, E. (2004) Uncertainty in estimating C emissions 
from boreal forest fires, J. Geophys. Res. 109, doi:10.1029/2003JD003635.  

Fuller, D.O., Prince, S. and Astle, W.L. (1997) The influence of canopy strata on remotely 

sensed observations of savanna-woodlands. International Journal of Remote Sensing, 18, 

pp. 2985–3009. 
Gastellu-Etchegorry, J.-P., V. Demarez, V. Pinel, and F. Zagolski (1996) Modeling Radiative 

Transfer in Heterogeneous 3-D Vegetation Canopies, Remote Sensing of Environment, 
58, 131-156.  

Giglio, L., Csiszar, I., & Justice, C.O. (2006). Global distribution and seasonality of active 
fires as observed with the Terra and Aqua Moderate Resolution Imaging 
Spectroradiometer (MODIS) sensors. Journal of Geophysical Research-Biogeosciences, 
111, doi:10.1029/2005JG000142 

Giglio, L., Loboda, T., Roy, D.P., Quayle, B., Justice, C.O.,  2009. An active-fire based 

burned area mapping algorithm for the MODIS sensor, Remote Sensing of Environment, 

113: 408-420.  
Gobron, N., Pinty, B., Verstraete, M.M., & Govaerts, Y. (1997). A semidiscrete model for the 

scattering of light by vegetation. Journal of Geophysical Research, 102(D8), 9431-9446. 
Gobron N., Pinty B., Verstraete M. M. and Widlowski J.-L. (2000) Advanced Vegetation 

Indices Optimized for Up-Coming Sensors: Design, Performance and Aplications, IEEE 
Transactions on Geoscience and Remote Sensing, 38, 2489-2505. 

Goel, N.S. (1988) Models of canopy reflectance and their use in the estimation of biophysical 
parameters from reflectance data, Remote Sensing Reviews, 4, 1-222. 

Goel, N. S. and Thompson, R. L. (2000) A snapshot of canopy reflectance models, and a 
universal model for radiation regime, Remote Sensing Reviews. 

Govaerts, Y. and M. M. Verstraete (1998) Raytran: A Monte Carlo Ray Tracing Model to 
Compute Light Scattering in Three-Dimensional Heterogeneous Media, IEEE 
Transactions on Geoscience and Remote Sensing, 36, 493-505. 

Govaerts, Y., J-M. Pereira, B. Pinty and B. Mota (2002) Impact of Fires on Surface Albedo 

Dynamics over the African Continent, Journal of Geophysical Research, 107, 4629, 

DOI:10.1029/2002JD002388. 

Govaerts, Y., B. Pinty and A. Latanzio (2003) Impact of vegetation fires on surface albedo 

dynamics and absorbed solar radiation over the continent, IGARSS 2003, Toulouse, 

France, July 21-25.  

Grace, J., C. Nichol, M. Disney, P. Lewis, T. Quaife, P. Bowyer (2007), Can we measure 

terrestrial photosynthesis from space directly, using spectral reflectance and 

fluorescence?, Global Change Biology, 13 (7), 1484-1497., doi:10.1111/j.1365-

2486.2007.01352.x. 

Griffith (1996) Synthetic calibration and quantitative analysis of gas-phase FT-IR spectra, 

Applied Spectroscopy, 50, 59-70. 

Hancock, S., P. Lewis, Disney, M. I., M. Foster, J.-P. Muller (2008) Assessing the accuracy of 

forest height estimation with long pulse waveform lidar through Monte-Carlo ray 

tracing, in proc. Silvilaser08, 17-19 September, Edinburgh, 2008. 

ftp://popo.jpl.nasa.gov/pub/docs/workshops/03_docs/Frank_AVIRIS_2003_web.pdf


Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

374 

Hansen, M. C., R. S. DeFries, J. R. G. Townshend, M. Carroll, C. Dimiceli, and R. A. 
Sohlberg, (2003) Global percent tree cover at a spatial resolution of 500 meters: First 
results of the MODIS Vegetation Continuous Fields algorithm. Earth Interactions, 7, 
[Available online at http://EarthInteractions.org.]. 

Hardy, C.C. (2005) Wildland fire hazard and risk: Problems, definitions, and context. Forest 
Ecology and Management 211, 73–82. doi:10.1016/J.FORECO.2005.01.029. 

Hastings, W.K. (1970) "Monte Carlo Sampling Methods Using Markov Chains and Their 

Applications", Biometrika, 57(1):97-109, 1970. JSTOR doi:10.2307/2334940. 

Hely, C. et al. (2003) Regional fuel load for two climatically contrasting years in southern 

Africa. Journal of Geophysical Research, 108(D13), 8475. 

Hély, C. et al. (2007) A temporally explicit production efficiency model for fuel load 

allocation in southern Africa. Ecosystems, 10(7), 1116–1132. 

Horrocks, L.A., Oppenheimer, C., Burton, M.R., Duffell, H.J., Davies, N.M., Martin, N.A., 

and Bell, W. (2001) Open parth FTIR of SO2: an empirical error budget analysis, with 

implications for volcano montoring, J. Geophys. Res, 106, 27646-27659. 

Huang, D., Y. Knyazikhin, R.E. Dickinson, M. Rautiainen, P. Stenberg, M. Disney, P. Lewis, 

A. Cescatti, Y. Tian, W. Verhoef, and R.B. Myneni (2007)  Canopy spectral invariants 

for remote sensing and model applications, Remote Sensing of Environment, 106, 106-

122.  
Huete, A. (1988) A soil-adjusted vegetation index (SAVI),Remote Sensing of Environment, 

25, 295-309.  
Ichoku, C., L. Giglio, M. J. Wooster, and L. A. Remer (2008) Global characterization of 

biomass-burning patterns using satellite measurements of Fire Radiative Energy. Remote 
Sens. Environ., 112, 2950-2962, 2008. 

Jacquemoud, S., and Baret, F. (1990) PROSPECT: a model of leaf optical properties spectra. 
Remote Sensing of Environment, 34, 75-91. 

Jain, T.B., & Graham, R.T. (2004). Is forest structure related to fire severity? Yes, no, and 
maybe: methods and Insights in quantifying the answer. In, USDA Forest Service 
Proceedings RMRS-P 34, 217-234. 

Jakubauskas, M.E., Lulla, K.P., & Mausel, P.W. (1990). Assessment of vegetation change in a 
fire-altered forest landscape. Photogrammetric Engineering and Remote Sensing, 56, 
371-377. 

Jin, Y., C. B. Schaaf, C. E. Woodcock, F. Gao, X. Li, A. H. Strahler, W.  Lucht, S. Liang, 
(2003) Consistency of MODIS surface BRDF/Albedo retrievals: 2. Validation, J. 
Geophys. Res., 108(D5), 4159, doi:10.1029/2002JD002804, 2003b. 

Jin, Y. and Roy, D.P., (2005) Fire-induced albedo change and its radiative forcing at the 
surface in Northern Australia, Geophysical Research Letters, VOL. 32, L13401, 
doi:10.1029/2005GL022822, 2005 

Justice, C.O., Kendall, J. D., Dowty, P. R., and Scholes, R. J. (1996) Satellite remote sensing 
of fires during the SAFARI campaign using NOAA advanced very high resolution 
radiometer. Journal of Geophysical Research, 101, 23851–23863.  

Kachmar, M., & Sanchez-Azofeifa, G.A. (2006). Detection of post-fire residuals using high- 
and medium-resolution satellite imagery. Forestry Chronicle, 82, 177-186 

Kasischke, E. (2000). Boreal Ecosystems in the Global Carbon Cycle. In E. Kasischke & B.J. 
Stocks (Eds.), Fire, Climate Change and Carbon Cycling in the Boreal Forest (pp. 19-
30). New York: Springer. 

Kelly, B. C., (2007), Some Aspects of Measurement Error in Linear Regression of 

Astronomical Data, ApJ 665 1489-1506. DOI: 10.1086/519947. 

http://earthinteractions.org/


Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

375 

Key, C. (2005). Remote Sensing sensitivity fo fire severity and fire recovery. In J. Riva, F. 
Pérez-Cabello & E. Chuvieco (Eds.), Proceedings of the 5th International Workshop on 
Remote Sensing and GIS applications to Forest Fire Management: Fire Effects 
Assessment (pp. 29-39). Zaragoza: Universidad de Zaragoza, GOFC-GOLD, EARSeL. 

Key, C.H., & Benson, N. (2006). Landscape Assessment (LA). Sampling and Analysis 
Methods. In D.C. Lutes, R.E. Keane, J.F. Caratti, C.H. Key, N.C. Benson, S. Sutherland 
& L.J. Gangi (Eds.), FIREMON: Fire effects monitoring and inventory system. 
Integration of Standardized Field Data Collection Techniques and Sampling Design 
With Remote Sensing to Assess Fire Effects (pp. LA1-LA51). Fort Collins, CO: U.S. 
Department of Agriculture, Forest Service, Rocky Mountain Research Station 

Kötz, B., Schaepman, M., Morsdorf, F., Bowyer, P., Itten K., and Allgöwer, B., (2004) 
Radiative transfer modeling within a heterogeneous canopy for estimation of forest fire 
fuel properties, Remote Sensing of Environment, 92, 3, 332-344. 

Korontzi, S., D. P. Roy, C. O. Justice and D. E. Ward (2004) Modeling and sensitivity 
analysis of fire emissions in southern Africa during SAFARI 2000, Remote Sensing of 
Environment, 92, 3, Forest Fire Prevention and Assessment, 376-396. 

Kraus, S.G. (2006) DOASIS: A Framework Design for DOAS, PhD Thesis, University of 

Heidelberg. 
Kurz, W.A., Apps., M.J., Stocks, B.J. and Volney W.J.A. (1995) Global climate change: 

disturbance regimes and biospheric feedbacks of temperate and boreal forests. In Biotic 
feedbacks in the global climate system: will the warming feed the warming? G.M. 
Woodwell and F. Mackenzie eds., pp. 119-133. 

Kuusk, A., (1995), A Fast, Invertible Canopy Reflectance Model, Remote Sensing of 
Environment., 51(3), 342-350. 

Landmann, T. (2003) Characterizing sub-pixel Landsat ETM plus fire severity on 

experimental fires in the Kruger National Park, South Africa, S. African Journal of 

Science, 99, 357–360. 
Lajas, D. (2000) Documenting the Bidirectional Reflectance: Models and Measurements,  

M.Sc. Thesis, Space Applications Institute-JRC and University of Lisbon. 
Larsen, C. P. S. (1997) Spatial and Temporal Variations in Boreal Forest Fire Frequency in 

Northern Alberta, Journal of Biogeography,24, 5, 663-673.  
Latifovic, R., Cihlar, J. and Chen, J. (2003) A Comparison of BRDF Models for the 

Normalization of Satellite Optical Data to a Standard Sun-Target-Sensor Geometry, 
IEEE Transactions on Geoscience and remote sensing, 41(8),1889-1898  

Lavergne, T., T. Kaminski, B. Pinty, M. Taberner, N. Gobron, M. M. Verstraete, M. 
Vossbeck, J.-L Widlowski and R. Giering (2007) Application to MISR land products of 
an RPV model inversion package using adjoint and Hessian codes, Remote Sensing of 
Environment, 107, 1-2, Multi-angle Imaging SpectroRadiometer (MISR) Special Issue - 
MISR Special Issue, 362-375. 

Lehsten, V. et al. (2008) Estimating carbon emissions from African wildfires, Biogeosciences 

Discussions, 5(4), 3091–3122. 
Lentile, L.B., Holden, Z.A., Smith, A.M.S., Falkowski, M.J., Hudak, A.T., Morgan, P., Lewis, 

S.A., Gessler, P.E., & Benson, N.C. (2006). Remote sensing techniques to assess active 
fire characteristics and post-fire effects. International Journal of Wildland Fire, 15, 319-
345 

Lewis, P. (1999) Three-dimensional plant modelling for remote sensing simulation studies 
using the Botanical Plant Modelling System, Agronomie - Agriculture and Environment 
,19,185-210.  



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

376 

Lewis, P. (2007) Canopy modelling as a tool in remote sensing research, In: Vos, J., Marcelis, 

L.F.M., de Visser, P.H.B., Struik, P.C. and Evers, J.B. eds. Functional Structural Plant 

Modelling in Crop Production. Springer, Dordrecht, pp.219-229. 

Lewis, P. and M. Disney (2007) Spectral invariants and scattering across multiple scales from 

within-leaf to canopy, Remote Sensing of Environment 109, 196-206.  
Li,X., and Strahler, A.H. (1985), Geometric-optical bidirectional reflectance modelling of a 

conifer forest canopy. IEEE Transactions on Geoscience and Remote Sensing, 23 705-
721. 

Li, X. and Strahler, A.H. (1992) Geometric-optical bidirectional reflectance modeling of the 
discrete crown vegetation canopy: effect of crown shape and mutual shadowing. IEEE 
Transactions on Geoscience and Remote Sensing, 30, 276-292. 

Li, X., F. Gao, J. Wang, and A.H. Strahler (2001) A Priori Knowledge Accumulation and its 

Application to Linear BRDF Model Inversions, J. Geophys. Res., D106, 11,925 - 

11,935, 2001. 
Li, R-R, Kaufman, Y. J., Hao W. M., Salmon, J. M., Gao, B-C (2004), A technique for 

detecting burn scars using MODIS data. IEEE TGARS, 42(6):1300-1308, DOI: 
10.1109/TGRS.2004.826801. 

Loboda, T., K.J. O'Neal, I. Csiszar (2007) Regionally adaptable dNBR-based algorithm for 

burned area mapping from MODIS data, Remote Sensing of Environment, 109, 429 – 

442. 

Lucht, W. & Lewis, P. (2000) Theoretical noise sensitivity of BRDF and albedo retrieval from 

the EOS-MODIS and MISR sensors with respect to angular sampling. International 

Journal of Remote Sensing, 21(1), 81–98.
 

Lutes, D. C., Keane, R. E., Caratti, J. F., Key, C. H., Benson, N. C., Sutherland, S., et al. 

(2006). FIREMON: Fire Effects Monitoring and Inventory System. Gen. Tech. Rep. 

RMRS-GTR-164-CD. Fort Collins, Colorado: US Department of  Agriculture Forest 

Service, Rocky Mountain Research Station, 1 CD. 

McGonigle, A.J.S., Oppenheimer, C., Hayes, A.R., Galle, B., Edmonds, M., Caltabiano,T., 

Salerno, G., Burton, M. and Mather, T.A. (2003) Sulphur dioxide fluxes fromMount 

Etna, Volcano and Stromboli measured with an automated scanning 

ultravioletspectrometer. Journal of Geophysical Research, 108(B9). 

McGonigle, A.J.S., Inguaggiato, S., Aiuppa, A., Hayes, A.R. and Oppenheimer, C.(2005) 

Accurate measurement of volcanic SO2 flux: Determination of plume transportspeed 

and integrated SO2 concentration with a single device. Geochemistry 

GeophysicsGeosystems, 6(1). 

McGonigle, A. J. S. (2007) Measurements of volcanic SO2 fluxes with differential optical 

absorption spectroscopy. Journal of Volcanology and Geothermal Research, 162, 111-

122. 

Metropolis, N. A.W. Rosenbluth, M.N. Rosenbluth, A.H. Teller, and E. Teller (1953) 

Equations of State Calculations by Fast Computing Machines, Journal of Chemical 

Physics, 21(6):1087-1092. 
 

Michalek, J.L., French, N.H.F., Kasischke, E.S., Johnson, R.D., & Colwell, J.E. (2000). Using 
Landsat TM data to estimate carbon release from burned biomass in an Alaskan spruce 
forest complex. International Journal of Remote Sensing, 21, 323-338. 

Miller, H.J., & Yool, S.R. (2002). Mapping forest post-fire canopy consumption in several 
overstory types using multi-temporal Landsat TM and ETM data. Remote Sensing of 
Environment, 82, 481–496. 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

377 

Moreno, J.M., & Oechel, W.C. (1989). A Simple Method for estimating fire intensity after a 
burn in California Chaparral, Acta Ecologica (Ecologia plantarum), 10, 57-68. 

Morsdorf, F. et al. (2004) LIDAR-based geometric reconstruction of boreal type forest stands 

at single tree level for forest and wildland fire management. Remote Sensing of 

Environment, 92(3), 353–362. 
Myneni, R., Hall, F., Sellers, P., and Marshak, A. (1995) The interpretation of spectral 

vegetation indices. IEEE Transactions on Geoscience and Remote Sensing, 33, 481-486. 

Nagler P.L.; Daughtry C.S.T.1; Goward S.N. (2000) Plant Litter and Soil Reflectance, Remote 

Sensing of Environment, 71, 2, 207-215. 
Ni W.G., Li X.W., Woodcock C.E., Caetano M.R. and Strahler A.H. (1999) An analytical 

hybrid GORT model for bidirectional reflectance over discontinuous plant canopies. 
IEEE Transactions on Geoscience and Remote Sensing. 37 (2): 987-999. 

Nilson, T. (1971) A theoretical analysis of the frequency of gaps in plant stands, Agric. 

Meteorol., 8: 25-38.  
North, Peter R. J. (1996) Three-Dimensional Forest Light Interaction Model Using a Monte 

Carlo Method, IEEE Transactions on Geoscience and Remote Sensing, 34, 946-956. 
Parra, A., & Chuvieco, E. (2005)Assessing burn severity using Hyperion data. In J. Riva, F. 

Pérez-Cabello & E. Chuvieco (Eds.), Proceedings of the 5th International Workshop on 
Remote Sensing and GIS applications to Forest Fire Management: Fire Effects 
Assessment (pp. 239-244). Paris: Universidad de Zaragoza, GOFC-GOLD, EARSeL 

Patra PK, Ishizawa M, Maksyutov S, Nakazawa T, and Inoue G (2005) Role of biomass 
burning and climate anomalies for land-atmosphere carbon fluxes bassed on inverse 
modeling of atmospheric CO2. Global Biogeochemical Cycles, 19. 

Pereira, J. M. C., B. Mota, J. L. Privette, K. K. Caylor, J. M. N. Silva, A. C. L. Sa, and W. Ni-
Meister (2004), A simulation analysis of the detectability of understory burns in 
Miombo woodlands, Remote Sens. Environ., 93, 296–310.  

Pérez, B. and Moreno, J.M. (1998) Methods for quantifying fire severity in shrubland-fires, 
Plant Ecology, 139(1), 91-101. doi://10.1023/A:1009702520958 

Pinty, B., Verstraete, M.M., Gobron, N., Govaerts, Y., and Roveda , F. (2000) Do Human-
induced Fires Affect the Earth Surface reflectance at Continental Scales, EOS 
transactions of the AGU, 81, 381-389. 

Pinty, B., N. Gobron, J-L. Widlowski, F. Mélin, M. Taberner, M. M. Verstraete, Y. Govaerts 

and D. J. Diner (2002) Retrieval of accurate biogeophysical products from space 

sensors, in ‗Quantifying Terrestrial Carbon Sinks: Science, Technology and Policy‘, 

Kluwer Academic Publishers. 

Pinty, B., J-L. Widlowski, N. Gobron, M. M. Verstraete and D. J. Diner (2002) ‗Uniqueness 

of Multiangular Measurements Part 1: An Indicator of Subpixel Surface Heterogeneity 

from MISR‘, IEEE Transactions on Geoscience and Remote Sensing, MISR Special 

Issue, 40, 1560-1573. 

Pinty, B., N. Gobron, M. M. Verstraete, and others (2003) Observing Earthquake-Related 

Dewatering Using MISR/Terra Satellite Data, EOS Transactions of the American 

Geophysical Union, 84, 41-42. 

Pinty, B., N. Gobron, J.-L. Widlowski, T. Lavergne and M. M. Verstraete (2004) Synergy 

between 1-D and 3-D radiation transfer models to retrieve vegetation canopy properties 

from remote sensing data, Journal of Geophysical Research, 109, D21205 

10.1029/2004JD005214.  

Pinty, B., A. Lattanzio, J. V. Martonchik, et al. (2005) Coupling Diffuse Sky Radiation and 

Surface Albedo, Journal of the Atmospheric Sciences, 62, 2580-2591. 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

378 

Pinty, B., T. Lavergne, R. E. Dickinson, J.-L. Widlowski, N. Gobron and M. M. Verstraete 
(2006) Simplifying the interaction of land surfaces with radiation for relating remote 
sensing products to climate models, Journal of Geophysical Research, 111, 
doi:1029/2005JD005952. 

Pinty, B., T. Lavergne, M. Voßbeck et al. (2007) Retrieving surface parameters for climate 

models from MODIS-MISR albedo products, Journal of Geophysical Research, 112, 

D10116, doi:10.1029/2006JD008105. 
Pinty, B. Lavergne, T., Kaminski, T., Aussedat, O., Giering, R., Gobron, N., Taberner, M., 

Verstraete, M.M., Vossbeck, M., and Widlowski J-L. (2008) Partitioning the solar 
radiant fluxes in forest canopies in the presence of snow, Journal of Geophysical 
Research, 113, D04104, doi:10.1029/2007JD009096. 

Platt, U. and Stutz, J. (2008) Differential Optical Absorption Spectroscopy. Principlesand 

Applications. Germany: Springer. 
Pokrovsky I., Pokrovsky O., Roujean J.L. (2003) Development of an operational procedure to 

estimate surface albedo from the SEVIRI/MSG observing system by using POLDER 
BRDF measurements I. Data quality control and accumulation of information 
corresponding to the IGBP land cover classes. Rem. Sens. Environment, 87 (2-3): 198-
214. 

Potter, C.S. et al. (1993) Terrestrial ecosystem production: a process model based on global 

satellite and surface data. Global Biogeochemical Cycles, 7(4), 811–841. 

Price, J.C. (1990) On the information content of soil reflectance spectra, Remote sensing of 

environment, 33(2), 113-121. 

Prince, S.D. & Goward, S.N. (1995) Global primary production: a remote sensing approach. 

Journal of Biogeography, 22(4), 815–835.
 

Privette, J., L., Myneni, R., B., Knyazikhin, Y., Mukufute, M., Roberts, G., Tian, Y., Wang, 

Y., and Leblanc, S., (2002) Early Spatial and Temporal Validation of MODIS LAI 

Product in Africa. Remote Sensing of Environment, 232-243. 

Privette, J., L., Tian, Y., Roberts, G., Scholes, R., Wang, Y., and Caylor, K., (2004) Structural 

characteristics and relationships of Kalahari woodlands and savannas. Global Change 

Biology, 10, 281–291, doi: 10.1111/j.1529-8817.2003.00740. 
Privette, J.L. and Roy, D.P. (2005) Southern Africa as a remote sensing testbed: the SAFARI 

2000 special issue overview, International Journal of Remote Sensing,  26:4141–4158. 
Quaife, T., P. Lewis, M. DE Kauwe, M. Williams, B. Law, M. Disney, P. Bowyer (2008), 

Assimilating Canopy Reflectance data into an Ecosystem Model with an Ensemble 
Kalman Filter, Remote Sensing of Environment, Rem. Sens. Environ., 112(4),1347-
1364, doi:10.1016/j.rse.2007.05.020. 

Quegan, S., P. Lewis, T. Quaife, G. Roberts, M. Wooster, M. Disney, (2008) Using satellite 
observations in regional scale calculations of carbon exchange, The Continental-Scale 
Greenhouse Gas Balance of Europe, Springer. 

Quaife, T. and P. Lewis (2010) Temporal constraints on linear BRF model parameters IEEE 
Transactions on Geoscience and Remote Sensing, doi:10.1109/TGRS.2009.2038901. 

Rahman, H., M. M. Verstraete, and B. Pinty  (1993) Coupled surface-atmosphere reflectance 
(CSAR) model. 1. Model description and inversion on synthetic data, Journal of 
Geophysical Research, 98, 20,779-20,789. 

Rahman, H., B. Pinty, and M. M. Verstraete (1993) Coupled surface-atmosphere reflectance 
(CSAR) model. 2. Semi-empirical surface model usable with NOAA Advanced Very 
High Resolution Radiometer data, Journal of Geophysical Research, 98, 20,791-20,801. 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

379 

Randerson, J. T., F. S. Chapin III, J. W. Harden, J. C. Neff, and M. E. Harmon (2002), Net 
ecosystem production: A comprehensive measure of net carbon accumulation by 
ecosystems, Ecol. Appl., 12(4), 937–947. 

Randerson, J.T., G.R. van der Werf, G.J. Collatz, L. Giglio, C.J. Still, et al., 2005: Fire 
emissions from C-3 and C-4 vegetation and their influence on interannual variability of 
atmospheric CO2 and ΔCO13 Global Biogeochem. Cycles, 19(2), GB2019, 
doi:10.1029/2004GB002366.  

Randerson, J.T., Liu, H., Flanner, M.G., Chambers, S.D., Jin, Y., Hess, P.G., Pfister, G., 
Mack, M.C., Treseder, K.K., Welp, L.R., Chapin, F.S., Harden, J.W., Goulden, M.L., 
Lyons, E., Neff, J.C., Schuur, E.A.G., & Zender, C.S. (2006) The impact of boreal forest 
fire on climate warming. Science, 314, 1130-1132 

Randerson, J. T., G. R. van der Werf, L. Giglio, G. J. Collatz, and P. S. Kasibhatla (2007) 
Global Fire Emissions Database, Version 2 (GFEDv2.1). Data set. Available on-line 
[http://daac.ornl.gov/] from Oak Ridge National Laboratory Distributed Active Archive 
Center, Oak Ridge, Tennessee, U.S.A. 

Rebelo, L. Lewis, P. and Roy, D. (2003), Burn scar detection in southern Africa using a bi-
directional reflectance model-based approach. Proc. IEEE Geosci. and Rem. Sens. 
Symp. IGARSS'03 (Toulouse). 

Rebelo, L. Lewis, P. and Roy, D. (2004) A temporal-BRDF model-based approach to change 
detection, IGARSS '04, Alaska USA, 2103 - 2106 vol.3. 

Rebelo, L. (2005) The Development of a generic change detection scheme: an application to 
the identification and delineation of fire affected areas, University of London PhD, pp. 
369 (available from http://www.geog.ucl.ac.uk/~plewis/lisaPhd.pdf). 

Rebelo, L., Lewis, P. and Roy, D. (2005) A comparison of two temporal BRDF models with 
application to the identification of fire-affected areas, Proc. 9th Intl. Symp. on Physical 
Measurements and Signatures in Remote Sensing, Beijing, China, 17-19 Oct 2005 147-
149 

Riano, D. et al. (2003) Modeling airborne laser scanning data for the spatial generation of 

critical forest parameters in fire behavior modeling. Remote Sensing of Environment, 

86(2), 177–186. 

Roberts, D. A., Smith, M. O., & Adams, J. B. (1993) Green vegetation, nonphotosynthetic 

vegetation and soils in AVIRIS data. Remote Sensing of Environment, 44, 255−269. 
 

Roberts, D. A., Gardner, M., Church, R., Ustin, S., Scheer, G. and Green, R. O. (1998) 
Mapping chaparral in the Santa Monica Mountains using multiple endmember spectral 
mixture models, Remote Sensing of Environment Vol. 65, no. 3, pp. 267-279. 

Roberts, G., (2001) A review of the application of BRDF models to infer land cover 

parameters at regional and global scales. Progress in Physical Geography. 25. 4. 483 – 

511. 
Roberts, G., M. J. Wooster, G. L. W. Perry, N. Drake, L.-M. Rebelo, and F. Dipotso (2005), 

Retrieval of biomass combustion rates and totals from fire radiative power observations: 
Application to southern Africa using geostationary SEVIRI imagery, J. Geophys. Res., 
110, D21111, doi:10.1029/2005JD006018. 

Roberts, G., Wooster, M.J., and Lagoudakis, E. (2009) Annual and diurnal African biomass 
burning temporal dynamics, Biogeosciences, 6, 849-866. 

Robichaud, P.R., S.A. Lewis, D.Y.M. Laes, A.T. Hudak, R.F. Kokaly, J..A. Zamudio (2007) 

Postfire soil burn severity mapping with hyperspectral image unmixing, Remote Sensing 

of Environment, 108, 467–480.
 

Rodgers, C.D. (1976) Retrieval of atmospheric temperature and composition from remote 

measurements of thermal radiation, Rev. Geophys., 14, 609-624. 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

380 

Rogan, J., & Yool, S.R. (2001). Mapping fire-induced vegetation depletion in the Peloncillo 
Mountains, Arizona and New Mexico. International Journal of Remote Sensing, 22, 
3101-3121. 

Rogan, J., & Franklin, J. (2001). Mapping wildfire burn severity in Southern California 
Forests and shrublands using enhanced Thematic Mapper imagery. Geocarto 
International, 16, 89-99. 

Ross, J. (1981) The radiation regime and architecture of plant stands, The Hague, 391 pp. 
Roujean, J-L., M. J. Leroy, and P. Y. Deschamps, ―A bidirectional reflectance model of the 

earth‘s surface for the correction of remote sensing data,‖ J. Geophys. Res., vol. 97, pp. 
20 455–20 468, 1992.  

Roy, D. P., Lewis, P. E., & Justice, C. O. (2002). Burned area mapping using multi-temporal 
moderate spatial resolution data—a bi-directional reflectance model-based expectation 
approach. Remote Sensing of Environment, 83, 264-287. 

Roy, D.P., Yufang, J., Justice, C.O., Giglio, L., Lewis P., (2003), Multi-year southern Africa 
MODIS burned area product generation and validation, Fall AGU Meeting, San 
Francisco, December 8-12, 2003. Session "Validation and Application of Land Surface 
Products From the MODIS Sensor". 

Roy, D., Frost, P., Justice, C., Landmann, T., Le Roux, J., Gumbo, K., Makungwa, S., 
Dunham, K., Du Toit, R., Mhwandagara, K., Zacarias, A, Tacheba, B., Dube, O., 
Pereira, J., Mushove, P., Morisette, J., Santhana Vannan, S., Davies, D. (2005)The 
Southern Africa Fire Network (SAFNet) regional burned area product validation 
protocol,International Journal of Remote Sensing, 26:4265-4292. 

Roy, D., & Landmann, T. (2005). Characterizing the surface heterogeneity of fire effects using 
multi-temporal reflective wavelength data,International Journal of Remote Sensing, 26, 
4197-4218. 

Roy, D.P., Y. Jin, P.E. Lewis and C.O. Justice (2005) Prototyping a global algorithm for 
systematic fire-affected area mapping using MODIS time series data, Remote Sensing of 
Environment Volume 97, Issue 2 , 30 July 2005, Pages 137-162. 

Roy, D.P., Boschetti, L., & Trigg, S.N. (2006). Remote Sensing of Fire Severity: Assessing 
the Performance of the Normalized Burn Ratio,IEEE Transactions on Geoscience and 
Remote Sensing, 3, 112-116. 

Roy, D.P., Lewis, P., Schaaf, C., Devadiga, S., Boschetti, L. (2006) The Global impact of 
cloud on the production of MODIS bi-directional reflectance model based composites 
for terrestrial monitoring, IEEE Geoscience and Remote Sensing Letters,3:452-456.  

Roy, D.P and Justice, C.O. (2007) ―A burning question – the changing role of fire on Earth‖ in 
Our Changing Planet: A View From Space, Cambridge University Press, September 
30th 2007, Editors Michael D. King, Claire L. Parkinson, Kim C. Partington, Robin G. 
Williams, 266-273.   

Roy, D.P., Ju, J., Lewis, P., Choate, M., Schaaf, C., Gao, F., Hansen, M. and Lindquist (2008) 
Multi-temporal MODIS-Landsat data fusion for relative radiometric normalization, gap 
filling, and prediction of Landsat data, Remote Sensing of Environment, 112, 6, 3112-
3130.  

Roy, D. P. and Boschetti, L., Southern Africa Validation of the MODIS, L3JRC, and 
GlobCarbon Burned-Area Products (2009), IEEE Trans. Geosc. Rem. Sens., 47(4), pp. 
1032-1044. DOI: 10.1109/TGRS.2008.2009000. 

Ruiz-Gallardo, J.R., Castaño, S., Calera, A. (2004). Application of remote sensing and GIS to 
locate priority intervention areas after wildland fires in Mediterranean system: a case 
study from south-eastern Spain. International Journal of Wildland Fire, 13, 241-252. 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

381 

Russell-Smith, J. Ryan, P.G., Durieu, R. (1997) History of Kakadu National Park, Monsoonal 
Northern Australia, 1980-94: Seasonal Extent, Frequency and Patchiness, The Journal of 
Applied Ecology, Vol. 34, 3, 748-766.  

Sa, A.C.L., Pereira, J.M.C., & Silva, J. (2005)Estimation of combustion completeness based 
on fire-induced spectral reflectance changes in a dambo grassland (Western Province, 
Zambia). International Journal of Remote Sensing, 26, 4185-4195 

Saatchi, S.; Halligan, K.; Despain, D.G.; Crabtree, R.L. (2007) Estimation of Forest Fuel Load 
From Radar Remote Sensing, IEEE Transactions on Geoscience and Remote Sensing, 
45(6), 1726 – 1740. 

Samain, O., J.-L. Roujean and B. Geiger (2008) Use of a Kalman filter for the retrieval of 

surface BRDF coefficients with a time-evolving model based on the ECOCLIMAP land 

cover classification Volume 112, Issue 4, 1337-1346 doi:10.1016/j.rse.2007.07.007. 
Salomon, J., C. B. Schaaf, A. H. Strahler, F. Gao, Y. Jin (2006) Validation of the MODIS 

Bidirectional Reflectance Distribution Function and Albedo Retrievals Using Combined 
Observations from the Aqua and Terra Platforms, IEEE Trans. Geosci. Remote Sens., 
44, 6, 1555-1565. 

Simioni, G. et al. (2000) Treegrass: a 3D, process-based model for simulating plant 

interactions in tree-grass ecosystems. Ecological Modelling, 131(1), 47–63. 

Schaaf, C.B., F. Gao, A.H. Strahler, W. Lucht, X.W. Li, T. Tsang, N.C. Strugnell, X.Y. 

Zhang, Y.F. Jin, J.P. Muller, P. Lewis, M. Barnsley, P. Hobson, M. Disney, G. Roberts, 

M. Dunderdale, C. Doll, R.P. d'Entremont, B.X. Hu, S.L. Liang, J.L. Privette, and 

(2002) First operational BRDF, albedo and nadir reflectance products from MODIS . 

Remote Sensing of Environment, 83(1-2), 135-148. 
Scholes, R.J. (1995) Greenhouse gas emissions from vegetation fires in Southern Africa, 

Environmental Monitoring and Assessment, 38(2), 169-179, 
DOI://10.1007/BF00546761 

Scholes, R.J., Kendall, J. & Justice, C.O., 1996. The quantity of biomass burned in southern 

Africa. Available at: http://www.agu.org/pubs/crossref/1996/96JD01623.shtml 

[Accessed March 27, 2010]. 
Scholes, M.C. and Andreae, M.O., (2000), Biogenic and pyrogenic emissions from Africa and 

their impact on the global atmosphere. Ambio, 29, 23–29. 
Scott, J. H.  and Reinhardt,E. D. (2001) Assessing Crown Fire Potential by Linking Models of 

Surface and Crown Fire Behavior, USDA Forest Service: Rocky Mountain Research 
Station, Research Paper RMSR-RP-29. 

Seiler W., Crutzen PJ (1980) Estimates of gross and net fluxes of carbon between the 
biosphere and the atmosphere from biomass burning. Climatic Change, 2, 207-247.  

Siegert, F., G. Ruecker, A. Hinrichs, A. A. Hoffman (2001)Increased damage from fires in 
logged forests during droughts caused by El Nino. Nature 414: 437-440. 

Silva, J.M.N. Ana C.L. Sa and Jose M.C. Pereira, Comparison of burned area estimates 
derived from SPOT-VEGETATION and Landsat ETM+ data in Africa: Influence of 
spatial pattern and vegetation type, Remote Sensing of Environment Volume 96, Issue 2, 
, 30 May 2005, Pages 188-201. 

Smith, A.M.S., Wooster, M.J., Drake, N.D., Perry, G.L.W. and Dipotso, F., Falkowski, M. and 

Hudak, A. T. (2005) Testing the potential of multi-spectral remote sensing for 

retrospectively estimating fire severity in African savanna environments, Remote 

Sensing of Environment, 97, 92-115. 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

382 

Smith, A.M.S. and Wooster, M.J., (2005) Remote classification of head and backfire types 
from MODIS fire radiative power observations, International Journal of Wildland Fire, 
14, 249-254.  

Smith A.M.S., and Hudak, A.T. (2005) Estimating combustion of large downed woody debris 

from residual white ash, International Journal of Wildland Fire, 14, 245-248. 
Smith, A.M.S., Wooster, M.J., Drake, N.D., Perry, G.L.W. and Dipotso, F. (2005) Fire in 

African savanna: testing the impact of incomplete combustion on pyrogenic emissions 
estimates, Ecological Applications, 15, 1074–1082. 

Soja, A.J., Sukhinin, A.I., Cahoon, D.R. Jr, Shugart, H.H., Stackhouse P.W. Jr (2004) 
AVHRR-derived fire frequency, distribution and area burned in Siberia, International 
Journal of Remote Sensing, Volume 25, 10, 1939 – 1960. 

Spessa A, McBeth B, and Prentice, C. (2005) Relationships among fire frequency, rainfall and 
vegetation patterns in the wet-dry tropics of northern Australia: an analysis based on 
NOAA-AVHRR data. Global Ecology and Biogeography, 14, 439-454. 

Stocks, B. J.: 1991, ‗The Extent and Impact of Forest Fires in Northern Circumpolar 
Countries‘, in Levine, J. S. (ed.), Global Biomass Burning: Atmospheric, Climatic, and 
Biospheric Implications, MIT Press, Cambridge, MA, pp. 197–202. 

Stronach, N.R.H. and Mcnaughton, S.J. (1989) Grassland fire dynamics in the Serengeti 

Ecosystem, and a potential method of retrospective estimating fire energy. Journal of 

Applied Ecology, 26, pp. 1025–1033.  
Strugnell, N., W. Lucht, and C. Schaaf (2001) A global albedo data set derived from AVHRR 

data for use in climate simulations, Geophys. Res. Let., 28, 191-194. 
Strugnell, N., and W. Lucht (2001) An algorithm to infer continental-scale albedo from 

AVHRR data, land cover class and field observations of typical BRDFs, J. Climate, 14, 
1360-1376. 

Tansey, K. et al., 2005, A global inventory of burned areas at 1km resolution for the year 2000 
derived from SPOT VEGETATION data, Climatic Change, 67(2), 345-377.  

Theseira, M. A., Thomas, G., Taylor, J. C., Gemmell, F., & Varjo, J. (2003) Sensitivity of 

mixture modeling to end-member selection. International Journal of Remote Sensing, 

24(13), 1559−1575.
 

Thompson, M.W. (1993) Quantitative Biomass Monitoring and Fire Severity Mapping 

Techniques in Savanna Environments Using Landsat Thematic Mapper Imagery. 

External Contract Report FOR-DEA 587, Division of Water, Environment and Forest 

Technology, CSIR, Pretoria, South Africa. 
Thompson, R. L. and Narendra S. Goel (1998) Two Models for Rapidly Calculating 

Bidirectional Reflectance: Photon Spread (PS) Model and Statistical Photon Spread 
(SPS) Model, Remote Sensing Reviews, 16, 157-207.  

Thonicke, K. et al. (2001) The role of fire disturbance for global vegetation dynamics: 

coupling fire into a Dynamic Global Vegetation Model. Global Ecology and 

Biogeography, 661–677. 

Thonicke, K. et al. (2010) The influence of vegetation, fire spread and fire behaviour on 

biomass burning and trace gas emissions: results from a process-based model. 

Biogeosciences Discuss., 7(1), 697-743. 
Trigg, S. and Flasse, S (2001), An evaluation of different bi-spectral spaces for discriminating 

burned shrub-savanna, Int. Jour. Rem. Sens., 22:2641-2647. 
Trigg, S. N., Roy, D. P. and Flasse, S. P. (2005) An in situ study of the effects of surface 

anisotropy on the remote sensing of burned savannah, International Journal of Remote 
Sensing, 26:21, 4869 – 4876. 



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

383 

Trigg, S.N and Roy D.P. (2007) A focus group study of factors that promote and constrain the 
use of satellite derived fire products by resource managers in southern Africa, Journal of 
Environmental Management, 82:95-110. 

Turner, M.G., Hargrove, W.W., Gardner, R.H., & Romme, W.H. (1994). Effects of Fire on 
Landscape Heterogeneity in Yellowstone-National-Park, Wyoming. Journal of 
Vegetation Science, 5, 731-742 

Van der Werf, G.R., J.T. Randerson, G.J. Collatz, L. Giglio (2003) Carbon emissions from 
tropical and subtropical ecosystems, Global Change Biology, 9, 547-562. 

Van der Werf, G.R., J.T. Randerson, G.J. Collatz, L. Giglio, P.S. Kasibhatla, et al. (2004) 
Continental-scale partitioning of fire emissions during the 1997 to 2001 El Niño/La Niña 
period. Science, 303(5654), 73-76. 

Van der Werf GR, Randerson JT, Giglio L, Collatz GJ, Kasibhatla PS , Arellano AF (2006) 
Interannual variability in global biomass burning emissions from 1997 to 2004. 
Atmospheric Chemistry and Physics, 6, 3423-3441.  

Van Wagtendonk, J.W., Root, R.R., & Key, C.H. (2004). Comparison of AVIRIS and Landsat 
ETM+ detection capabilities for burn severity. Remote Sensing of Environment, 92, 
397-408. 

Venevsky, S. et al. (2002) Simulating fire regimes in human-dominated ecosystems: Iberian 
Peninsula case study. Global Change Biology, 8(10), 984–998. 

Verstraete, M. M., Pinty, B., and Myneni, R. (1996) Potential and limitations of information 
extraction on the terrestrial biosphere from satellite remote-sensing. Remote Sensing of 
Environment, 58, 201-214. 

Wang, G. G. , (2002) Fire severity in relation to canopy composition within burned boreal 
mixedwood stands, Forest Ecology and Management, 163, 1-3, 85-92. 

Wang, Z., A. Vodacek and J. Coen (2009) Generation of synthetic infrared remote-sensing 
scenes of wildland fire, International Journal of Wildland Fire 18, 302–309. 

Wanner, W., X. Li, and A. H. Strahler, (1997) On the derivation of kernels for kernel-driven 
models of bidirectional reflectance,J. Geophys. Res., vol. 102, pp. 17 143–17 162, 1997.  

Warren-Wilson, J. (1959) Analysis of the spatial distribution of foliage by two-dimensional 

point quadrats, New Phytol., 58: 92-101.  
Wells, C.G., & Campbell, R.E. (1979). Effects of fire on soil : A state-of-knowledge review. 

In, Forest service national fire effects workshop. Denver, CO: US Department of 
Agriculture, Forest service. 

Westerling, A.L., H.G Hidalgo, D.R. Cayan, and T.W. Swetnam, 2006,  Warming and earlier 
spring increase western U.S. forest wildfire activity. Science 313(5789): 940-943 doi: 
10.1126science.1128834. 

White, J.D., Ryan, K.C., Key, C.C., & Running, S.W. (1996). Remote sensing of forest fire 
severity and vegetation recovery. International Journal of Wildland Fire, 6, 125-136 

Widlowski, J.-L., B. Pinty, N. Gobron, M. M. Verstraete, D. J. Diner and A. B. Davis (2004) 

Canopy Structure Parameters Derived From Multi-angular Remote Sensing Data for 

Terrestrial Carbon Studies, Climatic Change, 67, 403-415. 

Widlowski, J.-L., B. Pinty, T. Lavergne, M. M. Verstraete and N. Gobron (2005) Using 1-D 

models to interpret the reflectance anisotropy of 3-D canopy targets: Issues and caveats, 

IEEE Transactions on Geoscience and Remote Sensing, 43, 2008-2017, doi 

10.1109/TGRS.2005.853718. 
Widlowski, J.-L., T. Lavergne, B. Pinty, M. M. Verstraete and N. Gobron (2006) Rayspread: 

A virtual laboratory for rapid BRF simulations over 3-D plant canopies, in 
Computational Methods in Transport, Lecture Notes in Computational Science and 
Engineering Series, 48, Springer Verlag, Berlin, 211-231.  



Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

384 

Widlowski, J.-L., B. Pinty, T. Lavergne, M. M. Verstraete and N. Gobron (2006) Horizontal 

Radiation Transport in 3-D Forest Canopies at Multiple Spatial Resolutions: Simulated 

Impact on Canopy Absorption, Remote Sensing of Environment, 103, 379-397, 

doi:10.1016/j.rse.2006.03.014.  
Widlowski, J-L., M. Taberner, B. Pinty, V. Bruniquel-Pinel, M. Disney, R. Fernandes, J-P. 

Gastellu-Etchegorry, N. Gobron, A. Kuusk, T. Lavergne, S. Leblanc, P. E. Lewis, E. 
Martin, M. Mottus, P. R. J. North, W. Qin, M. Robustelli, N. Rochdi, R. Ruiloba, C. 
Soler, R. Thompson, W. Verhoef, M. M. Verstraete, D. Xie, (2007), The third RAdiation 
transfer Model Intercomparison (RAMI) exercise: Documenting progress in canopy 
reflectance models, Journal of Geophysical Research, 112, D09111, 
doi:10.1029/2006JD007821. 

Widlowski, J-L., M. Robustelli, M. Disney, J.-P. Gastellu-Etchegorry, T. Lavergne, P. Lewis, 
P. R. J. North, B. Pinty, R. Thompson, M. M. Verstraete, (2008) The RAMI On-line 
model checker (ROMC): A web-based benchmarking facility for canopy reflectance 
models, Remote Sensing of Environment, 112(3), 1144-1150, 
doi:10.1016/j.rse.2007.07.016. 

Wooster, M.J. (2002) Small-scale experimental testing of fire radiative energy for quantifying 

mass combusted in natural vegetation fires, Geophysical Research Letters, 29(21), 2027, 

doi:10.1029/2002GL015487. 

Wooster, M.J., Zhukov, B. and Oertel, D. (2003) Fire radiative energy for quantitative study 

of biomass burning: Derivation from the BIRD experimental satellite and comparison to 

MODIS fire products, Remote Sensing of Environment, 86, 83-107. 
Wooster, M.J. and Zhang, Y.-H. (2004) Boreal Forest Fires Burn Less Intensely in Russia than 

in North America, Geophysical Research Letters, 31, doi:10.1029/2004GL020805. 
Wooster, MJ., Roberts, G., M. J. Wooster, G. L. W. Perry, N. Drake, L.-M. Rebelo, and F. 

Dipotso (2005), Retrieval of biomass combustion rates and totals from fire radiative 
power observations: Application to southern Africa using geostationary SEVIRI 
imagery, J. Geophys. Res., 110, D21111, doi:10.1029/2005JD006018. 

Wooster, M.J., Roberts, G., Perry, G. and Kaufman, Y.J. (2005) Retrieval of biomass 

combustion rates and totals from fire radiative power observations: Part 1 - calibration 

relationships between biomass consumption and fire radiative energy release, Journal of 

Geophysical Research, 110, doi:10.1029/2005JD006318. 

Zhang, Y.-H., Wooster, M.J., Tutubalina, O. and Perry, G.L.W. (2003) Monthly burned area 

and forest fire carbon emission estimates for the Russian Federation from SPOT VGT, 

Remote Sensing of Environment, 87, 1-15. 
 
 
 

 

http://www.geog.ucl.ac.uk/~plewis/manuscript.pdf
http://www.geog.ucl.ac.uk/~plewis/manuscript.pdf
http://www.geog.ucl.ac.uk/~plewis/manuscript.pdf
http://www.geog.ucl.ac.uk/~plewis/manuscript.pdf


Radiative Transfer Modelling for the characterisation of natural burnt surfaces                   Lewis et al. 2010 

    

385 

Appendices 

Appendix I: Kruger Park Ex 08: UCL fieldwork protocols for structural 

and radiometric measurements 

There are three types of measurement to be made within each of two plots, at each of two 

sites, Pretoriuskop (25.1639S, 31.234E) and Skukuza (25.1097S, 31.4172E): 

 

1. Structure of the vegetation, including tree diameter at breast height (DBH, diameter at 

1.3m above the ground), tree height, and crown size and photos of trees from the side, 

as well as leaf area index (LAI) measurements where possible. 

2. Upward-looking hemispherical photography in tree-covered sites; downward-looking 

hemispherical photography in non-tree covered areas. 

3. Measurements of the canopy reflectance, both within the plots and from helicopter, 

and measurements of component reflectance (leaf, bark, soil). 

 

Measurements will be carried out every 20m along 200m transects (2 or 3 depending on time) 

within each plot. Transects should be separated by around 25-50m (depending on whether we 

do 2 or 3) and marked out initially using a compass, 30m tape and with each measurement 

point located using a metal tent peg (to be collected at the end) and then recorded using the 

GPS. 

 

The measurements in 1, apart from LAI and photography, only need to be carried out ONCE, 

prior to burning, assuming there isn‘t a large loss of trees and/or partially burned trees. The 

measurements in 2 and 3 should be carried out both before and after the burn. Clearly not all 

measurements need to be made simultaneously, but for trees it helps to do the identification, 

dbh and height (and possibly crown) for each tree at the same time. This removes the chances 

of mistaking one tree for another if marking is ambiguous. 

 

We are aiming to measure the overall fractional cover of vegetation in each plot, through the 

measurements given above, as well as the reflectance of the various components of the scene 

to use in modelling what the scene would look like from satellite. 

 

Please be consistent in units – use m, even relatively small ones such as dbh, but note what 

units you are using.  

 

Tree measurements. 

These measurements are intended to enable us to build 3D radiation models of the canopy, so 

we need to know the number, size and distribution of the trees within each plot.  

 

Proceed through the plot starting from one corner, marking each tree with paint/pen as you go, 

noting its location on GPS, taking one or two photographs of the tree from the side (ideally 

with a person in it for scale). 

 

DBH: Attach the tape (or use callipers if tree diameter < 25cm) around the tree at 1.3m above 

the ground (measure this height on yourself first, then you can judge it without needing to 

measure every time) and record the diameter (m). 
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HEIGHT: For each plot, note the height-to-eye of anyone measuring right at the start (on the 

log sheet) – you‘ll see why from fig. 1a. For each tree, measure a horizontal distance D away 

from the tree trunk where you will stand to measure – if you always use the same distance this 

makes life easier e.g. 5m. Note this distance. At the measured point, use the clinometer to 

sight on the top of the tree and then note the angle. Note that most of the clinometers have 

angle (degrees) and gradient (%) - use angle. The tree height is then D * tan(A) + H, where A 

is your angle and H is the height of your eye above the ground. If the tree is at a higher or 

lower point than you, then see fig 1b – measure the angle to the tree top (A1), and to the 

bottom of the trunk (A2). This is only worth doing of the tree is notably lower/higher than 

you, as the error in measuring the angle is too large otherwise. In this case the height is 

(assuming the tree is lower than you) D*(tan(A1) + tan(A2)). 

 

CROWN SIZE: This is hard to measure for large trees, and essentially involves using the 

tape to measure the diameter in the NS and EW directions separately so you can average over 

both. If the trees are really large, mark a point away from the tree (as per height) and take a 

compass bearing from either side of the crown extent (so crown width is then a function of the 

angle).  

 

 

LAI measurements 

These measurements allow us to characterise the leaf area of the plots, and are made with the 

LAI2000 instruments (we have 2). The principle is you take a measurement of the incident 

light above the canopy, and then multiple measurements below the canopy, and the LAI is 

calculated as a function of the ratio of the radiation above to below averaged over the multiple 

below measurements. We will set up the instruments to measure 1 above and 4 below so 1 

complete LAI estimate requires 5 measurements. The instrument tells you whether it is 

expecting an above or below measurement each time. 

 

The measurements ideally need to be made with diffuse light conditions (cloudy sky), or 

failing that, at lowish light e.g. close to dawn/dusk, or worst case, with a cap on the sensor 

which masks out the sun (and the user). We generally use the 90 deg cap anyway to mask out 

the operator, so if the sun is up always do measurements with the sun behind you. 

 

 

5m for e.g. 

A1 

h 

5m for e.g. 

A1 

A2 

Figure 1a Figure 1b 
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Measurements should be made at each point on a transect (i.e. 10 per 200m transect) i.e. 40-60 

per plot. For low stature vegetation e.g. grass and shrubs, the below canopy measurement is 

made with the sensor head on the ground (make sure it is level using the spirit bubble), and the 

arm extended as far as possible. For tree measurements, the above canopy measurement 

should either be made clear of any trees e.g. in a large clearing or out of the plot. If this is 

impractical we can either use a larger number of down per top measurement; or use the 2 

instruments in pair mode with one instrument outside the canopy (only making measurements 

under the canopy), and one outside (only making above canopy measurements). We need to be 

careful about naming/numbering files (and noting on data sheets) in this case so we know 

which measurements go with which when post-processing. Data are downloaded using the 

LAI software (with a parallel port) onto the laptops. 

 

Hemiphotos 

These allow us to make a separate estimate of LAI and canopy gap fraction (the canopy 

gappiness) to those made using the LAI instruments. The photos should be taken using the 

Canon 5D or 450D cameras (note which one on the data sheet) using the hemispherical lenses. 

Photos should be taken at each survey point (if there is significant overstorey vegetation i.e. 

trees, shrubs) on a transect, with the camera held at arms length at eye-level with the lens 

pointing vertically upwards (yiu can judge this by eye by sighting across the camera body at 

arm‘s length). 3 shots should be taken in RAW mode at each spot using Auto Exposure 

Bracketing (AEB) i.e. one shot with the Auto exposure, one at one f-stop above, and one at 

one f-stop below the auto exposure. Check the battery life on both cameras each day. We have 

a spare for each and they only take about 1-2 hours to charge, and last for manu hundreds of 

shots (without flash).  

 

EOS 5D (large camera) 

To set image mode as RAW: it should be set but check on the small LCD on the top right of 

the camera body – should say L RAW. If not, turn camera on (back, lower RHS); set the 

camera mode  (top LHS) to P; select menu (back, top LHS); use the select wheel (back, RHS 

large wheel) to scroll through the options – Quality is the first one, and select RAW + L (use 

the select button in the middle of the wheel). 

 

To set AEB: the camera will revert to non-AEB if switched off or the lens is changed, again, 

check the small LCD on the top right of the body – it will have two small vertical black bars 

under the +1 and -1 on the scale if AEB is set correctly. If not, go to menu again (see above), 

scroll down to AEB (4
th

 item on menu) and select; then use the wheel to make the two small 

green bars go out to +1 and -1 and press select. Remember, you then have to manually take 3 

shots at each location, of which the first will be standard, under-exposed, over-exposed. This 

allows much better discrimination of objects in the scene, which are typically under-exposed 

due to the bright sky background when looking up. 

 

EOS 450D (small camera) 

To set image mode as RAW (it should be set – check on the info display, which is the image 

display on the back – if not on, press the DISP button on the back upper left): switch camera 

on (slide to the right of the mode wheel, top right of body), make sure the mode is set to ‗P‘ 
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(as above); press menu button (top left on back); Quality is first menu item, select RAW + L 

as above. 

 

To set AEB: go to menu again (top left button on back); scroll right to the second menu tab 

(top row of icons) by using the AF button on the back right (the rightmost of the 4 buttons 

arranged around the SET button); AEB is then the first menu option; press the SET button, 

and then use the AF button again to move the marks out to +1 and -1 on the scale. If you press 

the DISP button again, the display should show the scale with the two vertical bars under +1 

and -1 on the scale. Remember, this will reset whenever you switch the camera off. 

 

Reflectance measurements 

These will allow us to characterise the pre- and post-burn reflectance of the plots. 

Measurements are made with the ASD spectroradiometers recording in radiance/irradiance 

mode, at each survey point on a transect. Measurements should be made when overhead 

conditions are as stable as possible i.e. clear blue sky, or fully overcast. It is very important to 

note the time of each measurement, and to make sure you or your are shadow are not in the 

field of view of the instrument. 

 

The ASD will be explained in more detail on the day (and in the FSF documents). But once 

the instrument is warmed up (30 mins or so), it will be carried by one person using the 

backpack (it‘s heavy, so take rests and drink lots of water), with at least one other person 

doing carrying a white reference panel mounted on a tripod, and recording on a log sheet 

(maybe even teams of 3). At each point, make 5 measurements within a 1m radius of your 

transect point (e.g. one on the point and 4 in a cross pattern centred on that) – each 

measurement is taken are made by oppressing the space bar on the laptop. The ASD will be 

set to average over multiple scans at each point (anywhere from 5 to 20 depending on how 

bright the sun is). After each reflectance measurement, take a measurement of the white panel 

with the panel level on a tripod and the pistol grip 30cm or so above the panel. Every 15-20 

minutes, or more often if overhead illumination conditions are changing, an optimisation 

should be performed with the ASD (takes 30 seconds or so). A sanity check when making 

measurements is to look at the white panel measurements – they should basically be 1 across 

the wavelength range, give or take a bit of noise at either end. Any departure from this and 

something‘s not right (usually redoing the optimisation will sort this out). 

 

Measurements will be made with either an 8 or 15 degree field of view (probably 15 degrees) 

but you should note this on the log sheet. Measurements should be taken at arms length (out of 

your shadow) a fixed height above the ground. We will decide the height when we see the 

plots but typically at 1 or 1.5m. Work out how high this is, or cut a stick so you can estimate 

this quickly. Try and keep the pistol grip pointing vertically down.  

 

THINGS TO NOTE:  Set up your file names and folder to store at each plot with the file name 

something useful e.g. sku_plot1_2008_10_29; make sure you record the time of day (it should 

be in the file time stamp, but the time could be wrong) for each measurement on the log sheet 

and keep the file number; keep an eye on battery on the laptop and the instrument (typically 

neither will last more than 2-3 hrs max).  
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BE CAREFUL OF THE FIBRE – the ASD fibre optic is delicate and if it gets crushed or 

kinked, it is probably unusable. It‘s very easy to put it under something, sit on it when taking 

the back pack off, or close it in the ASD case (the usual cause of damage). When not in use, 

always coil the fibre up and place it inside the ASD itself in the protective slot. 

 

BE CAREFUL OF THE PANELS – the white panels are calibrated, and pretty expensive, so 

handle them very carefully – no finger prints or dust if at all possible. F there‘s anything on it, 

try and blow it off gently, don‘t wipe or rub. Keep them in their boxes wherever possible. 

 

Component reflectance measurements 

These are made to give us the reflectance of individual, pure material types (leaf, bark before 

and after burning, soil etc.) making up the scenes, so we can use them in the reflectance 

models. These measurements are made using the ASD instruments but with the contact probe. 

The easiest way to do this is to collect samples and bring them back to the centre to work on, 

or set up in the back of a van and bring the samples to the instrument. Set up the contact probe 

– the bare fibre inserts into the probe through the plastic guide and clicks into place – don‘t 

force it. The instrument is set to work in reflectance mode this time, with the light source 

being internal to the probe. There is a button on the probe to turn the light on and off – always 

turn it off when not in use as it drains the battery. For bark, collect samples which are large 

enough to completely fill the contact probe field of view. Leaves should either be stacked and 

then measured on a white background (e.g. paper – NOT the white panels!), or ideally, carried 

out using the leaf probe. This allows small samples to be measured in reference to the small 

circular white panel. Soil samples can either be collected in large enough amounts to make a 

thick layer (at least 5cm thick) and then measured with the contact probe, or done in situ. 

 

 

 


