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a b s t r a c t
Canopy leaf area index (LAI), deﬁned as the single-sided leaf area per unit ground area, is a quantitative
measure of canopy foliar area. LAI is a controlling biophysical property of vegetation function, and quantifying
LAI is thus vital for understanding energy, carbon and water ﬂuxes between the land surface and the
atmosphere. LAI is routinely available from Earth Observation (EO) instruments such as MODIS. However
EO-derived estimates of LAI require validation before they are utilised by the ecosystem modelling
community. Previous validation work on the MODIS collection 4 (c4) product suggested considerable error
especially in forested biomes, and as a result signiﬁcant modiﬁcation of the MODIS LAI algorithm has been
made for the most recent collection 5 (c5). As a result of these changes the current MODIS LAI product has not
been widely validated. We present a validation of the MODIS c5 LAI product over a 121 km2 area of mixed
coniferous forest in Oregon, USA, based on detailed ground measurements which we have upscaled using high
resolution EO data. Our analysis suggests that c5 shows a much more realistic temporal LAI dynamic over c4
values for the site we examined. We ﬁnd improved spatial consistency between the MODIS c5 LAI product and
upscaled in situ measurements. However results also suggest that the c5 LAI product underestimates the
upper range of upscaled in situ LAI measurements.
© 2010 Elsevier Inc. All rights reserved.

1. Introduction
Modelling the evolving state of the terrestrial biosphere necessitates observations of key biophysical variables at representative
spatial and temporal resolutions. Current models of ecosystem
function are often initially parameterised using biophysical variables
(such as land cover maps) (Quaife et al., 2008b), validated against
observations (Hurtt et al., 2004), or as are becoming more
commonplace, the models themselves ingest observations; where
appropriate using a data assimilation framework (Quaife et al.,
2008a). Such observations are now routinely provided in the form
of Earth Observation (EO) data products. However the difﬁculty of
assessing the accuracy of these products (Cohen et al., 2006) coupled
with the lack of uncertainty estimates (Quaife et al., 2008a), has
limited the use of these products.
Leaf area index (LAI) is one such biophysical property that can be
estimated from EO measurements and is frequently used by the
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ecosystem models. LAI is deﬁned as the one sided green leaf area per
unit ground surface area (unitless) in broadleaf canopies and as the
maximum projected green leaf area per unit ground surface area
(unitless) in coniferous canopies (Myneni et al., 1997). LAI is therefore
a measure of the amount of canopy foliage present and represents a
boundary for the exchange of energy, gas and momentum between
the biosphere and the atmosphere (Sellers, 1997). Estimates of LAI
were ﬁrst obtained from the EO data using empirical relationships,
which exploited the differing absorption and reﬂectance of light in
optical wavelengths and the amount of foliar biomass (Tucker, 1979).
However these relationships are generally found to be site and/or
species speciﬁc (Kuusk, 1998) and the relationship between spectral
ratios (vegetation indices) and LAI saturates with increasing LAI,
typically at LAI values of N3 (Carlson & Ripley, 1997). In contrast,
physically-based retrievals of LAI have been obtained from observations acquired for example by the Moderate Resolution Imaging
Spectroradiometer (MODIS) on board the National Aeronautics and
Space Administration (NASA) Terra and Aqua satellite platforms since
2000. By employing various assumptions and approximations
regarding the structure and radiometric properties of the canopy,
the canopy radiative transfer regime can be described mathematically
(Liang, 2004; Myneni et al., 1989). Inversion of these models against
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observations of surface reﬂectance measurements yields information
about the canopy structure; in particular LAI.
LAI estimates from MODIS, referred to as “Collections”, have
become widely-used since their release in 2000, and have subsequently received considerable validation for the previous collection.
Throughout, the previous collection, number 4, released in 2003, will
be referred to as c4 and the current release, collection 5, released in
2007, c5. The c4 product was generally found to be a signiﬁcant
overestimate compared to in situ observations. Fang and Liang (2005)
reported signiﬁcant regional mean overestimates in savannah (2.5);
broadleaf forest (3.7) and needleleaf forest (3.5) using aggregated
Landsat ETM + data, a radiative transfer scheme and nonparametric
regression methods. Similarly, Leuning et al. (2005) reported over
predictions in temperate forests and tropical savannah in Australia,
where MODIS values ranged from 2.9 to 5.8 from a 7 km2 area,
compared to in situ estimates of 1.4 for tree LAI and 1.0 for understory
LAI. Aragão et al. (2005) reported a mean estimate (±1σ) of 5.77 ±
0.71 compared to an upscaled in situ LAI map of 3.82 ± 0.9. Cohen
et al. (2006) noted that whilst the c4 product was an improvement
upon the previous version, overall the mean RMSE across all sites
considered was 0.73; with issues of erroneous seasonality for
needleleaf forests.
A further problem with MODIS c4 LAI estimates was unrealistic
day-to-day variations, which result in very noisy seasonal dynamics.
Cohen et al. (2006) noted this was particularly evident during the
growing and winter seasons in evergreen needleleaf forests, resulting
from cloud and/or snow contamination in the surface reﬂectance
input data. Signiﬁcantly, it is also stems from the MODIS algorithm
taking no account of LAI retrievals from the previous compositing
time window. Therefore what in reality is a smoothly varying seasonal
LAI, is not depicted by the EO-derived estimate, and values are free to
fall and rise unrealistically. One mechanism that could be used to
overcome this is some form of regularization (Quaife & Lewis, 2010).
Errors were also present in the MODIS c4 product due to biome
misclassiﬁcation. This stems partly from the need to simplify the land
surface into 6 biomes to make the LAI algorithm computationally
tractable. For example, Pandya et al. (2006) found that misclassiﬁcation of areas of grass and cereal crops as broadleaf crops, resulted in
and overestimate of approximately 20%.
The latest version of the MODIS LAI collection c5 (2007) attempts
to address these issues by combining observations from both the Terra
and Aqua platforms, which facilitate more frequent observations from
a smaller time window. The Look Up Tables (LUTs) of radiative
transfer model simulations used to invert biophysical estimates from
observations were also recalibrated using a new stochastic radiative
transfer model (Shabanov et al., 2005) to better depict threedimensional effects. There is also a new ‘error’ estimate based on an
average of the possible solutions to the inverse problem. Lastly the
number of biomes was increased from 6 to 8 (by splitting up
evergreen and deciduous forests types), to improve retrievals in
forested areas, where snow for example often led to spurious winter
seasonalities (Yang et al., 2006).
The validation of EO derived products is not a straightforward task.
Although in situ estimates can be obtained relatively easily e.g. using
indirect estimates from instruments such as the LI-COR LAI-2000
probe (LI-COR Biosciences), hemispherical photography etc., it is
difﬁcult to collect sufﬁcient measurements over a large enough area to
be truly representative of moderate resolution EO pixels (250 m–1 km
for MODIS). In addition, many of the most widely-used methods for in
situ estimation of LAI typically rely on canopy radiometric and
structural assumptions that are often only partially valid in practice
(Weiss et al., 2004).
The spatial extent of MODIS LAI estimate (nominally 1 km), is
often far in excess of in situ estimates and the heterogeneity of the
land surface often precludes simply aggregating estimates. The
validation campaigns therefore often require considerable resources

to acquire representative samples (Cohen et al., 2006; Gower et al.,
1999). Furthermore, the validation campaigns are often limited to
short time windows (b1 month) due to logistical and cost constraints,
rendering product assessment limited, typically to summer peak
growing season for LAI.
The most accurate in situ estimates of LAI are obtained from direct
methods, which require harvesting or leaf litter collection. Clearly
such an approach is more suited to canopies of small stature (Bréda,
2003; Van Wijk & Williams, 2005) and even then requires considerable effort (cost) to obtain spatially representative estimates
(Williams et al., 2008). As a result, estimates of LAI are more usually
obtained through indirect optical methods, which relate the amount
of foliage to the probability of a beam of light that will pass through
the canopy, the so-called gap probability (P).
The estimates of LAI based on this assumption typically assume the
canopy is randomly distributed (no clumping) and the leaves to be
black i.e. totally absorbing (Gower et al., 1999). Stenberg (1996)
suggests that not accounting for clumping (i.e. assuming vertical and
horizontal homogeneities) can produce errors of between 30 and 70%.
Deblonde et al. (1994) cite an overestimate of LAI of between 19 and
33% when not correcting for woody matter. Chen and Cihlar (1995)
report as much as a 50% difference between this effective estimate of
the LAI and the ‘true’ LAI in coniferous forests. Structural observations
will therefore require corrections, removing for example the amount
of wood matter present within a sample. Hemispherical photographs
have the advantage that they allow the ‘clumpiness’ of the canopy to
be assessed through gap size distribution (Chen & Cihlar, 1995), but
must be post-processed with dedicated software such as CANEYE
(Weiss, 2002).
Furthermore, the validation literature often does not state whether
the understory has been explicitly measured, or make clear the choice
(if any) of Quality Assurance (QA) ﬂags used to extract the MODIS
data (e.g. use of the ‘backup’ algorithm). These potential error
estimates in the so-called ‘true’ LAI against which EO-derived
products are validated underlines the complexity of the task.
However, without accurate validation of these products, their
application is limited. Data assimilation applications for example,
require an estimate of the ‘observation’ uncertainty in order to make
optimal use of observations (Wang et al., 2009).
This paper therefore has two objectives: primarily, to validate the
new MODIS c5 LAI product over an 11 × 11 km study area; and
secondly to comment on the usefulness of the ‘improved’ LAI product
from the standpoint of driving a typical ecosystem model validation or
assimilation scheme.
2. Method
2.1. Study area
The study area selected covers an area of 121 km2 in central
Oregon (USA) dominated by ponderosa pine. The area encompasses
three broad forest age classes mature (95–316 years), intermediate
(56–89 years) and young (9–23 years) (Fig. 1). Stand ages were taken
from Law et al. (2003). The study area is located east of the Cascades
Range and its position relative to the coast and mountains creates a
semi-arid climate; annual precipitation is between 350 and 880 mm
(Law et al., 2001; Williams et al., 2005). Within this 121 km2 area,
three 9 km2 study areas were deﬁned according to the three main
forest age classes (see Fig. 1b). Each of these study areas was centered
on an associated eddy covariance (or “ﬂux”) measurement tower
within the site. For simplicity, the labels ‘mature’, ‘young’ and
‘intermediate’ are used to refer to the corresponding ﬂux tower site
and the surrounding forest area (3 × 3 km).
The mature study area (44°29′ 57″ N, − 121°37′ 20.53″ W) was
located within the Metolius Research Natural Area (RNA) and the
Metolius river basin and is characterised primarily by an old growth
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Fig. 1. The top panel shows an NDVI image generated from Landsat data (15th May 2006) depicting the 121 km2 study area encompassing the mature, intermediate and young ﬂux
towers. The black striping effect running from West to East down the image is a result of a failure of the Scan Line Corrector on the Landsat satellite. The bottom panel shows the landcover map for the same study area.

coniferous pine forest. The mature site is dominated by ponderosa
pine (Pinus ponderosa) and to a lesser extent grand ﬁr (Abies grandis)
and western larch (Larix occidentalis). The site is very open and is in
fact a mixture of old-growth (95–316 years), mixed age (56–89 years)
and young trees (b23 years). Older-growth trees are free of foliage on
the lower section of their stems, partly due to light competition and/or
ﬁre, with limited understory foliage. The understory species present
are a small scattering of bracken fern (Pteridium aquilinum) and
strawberries (Fragaria vesca). The young (44°26′ 13.9″ N, − 121°34′
0.3″ W) and intermediate (44°27′ 8.8″ N, −121°33′ 25.8″ W) sites are
located on a section of privately owned land and had previously been
old-growth forest that was cleared and allowed to regenerate
naturally (Schwarz et al., 2004). Schwarz et al. (2004) report that
the average stand age in the intermediate site is now approximately
90 years old and that the young site was felled in 1978, then left to
regenerate. Both sites can largely be characterised by ponderosa pine
and incense-cedar (Calocedrus decurrens) with a large (~ 0.5–1 m)

understory of Manzanita (Arctostaphylos patula), and Bitterbush
(Purshia tri-dentata). The three sites maintain, or previously maintained ﬂux towers and are part of the AmeriFlux network of ﬂux
towers (http://public.ornl.gov/ameriﬂux/), with CO2 ﬂux measurements recorded at the study sites at periods between 1999 and the
present. A summary of the structural properties from the sampled
plots is shown in Table 1.
2.2. Sampling protocol
The VALERI approach to obtaining in situ observations (Baret et al.,
1999) was adopted for this study. The VALERI method involved
obtaining a cluster of in situ samples which cover the same spatial
extent of representative pixels in a higher resolution satellite image
(b30 m), in this case from three 9 km2 sub-regions deﬁned within a
121 km2 area (Fig. 2). Ideally, the area depicted within each of these
9 km2 regions should be relatively homogeneous and representative

770

M.G. De Kauwe et al. / Remote Sensing of Environment 115 (2011) 767–780

Table 1
Range of structural measurements and PAI for sampled plots. Note structural data
shown are the mean and 1 standard deviation. Structural data were not sampled from
the young forest site due to time constraints.

PAI
Height (m)
Diameter at breast height (cm)
Basal area (m2/ha)
Stocking density (trees/ha)

Mature
(μ ± 1σ)

Intermediate
(μ ± 1σ)

Young
(μ ± 1σ)

2.84 ± 1.04
18.72 ± 7.9
33.6 ± 16.02
32.44 ± 19.38
302.39 ± 219.45

2.25 ± 0.89
12.17 ± 4.0
24.94 ± 6.83
17.34 ± 10.3
328.92 ± 198.81

1.96 ± 0.69
–
–
–
–

of the age class. In practice this was difﬁcult, due in part to the
topography, but largely because sections of the intermediate and
young sites lie on private land and are subject to management. All of
the forested areas within the study site are also subject to frequent ﬁre
disturbance which promotes a high level of heterogeneity across the
landscape as not all of the burning is managed (Law et al., 2003).
Moreover whilst the three ﬂux towers are erected to sample within a
footprint deﬁned to broadly represent a forest age class, the satellite
platforms will not be sampling an identical footprint, which is why a
9 km2 area is used to represent satellite observations from nominally
1 km2 pixel (accounting for geolocation errors).
The 9 km2 area was divided into nine 1 km2 boxes and within each
box, three Elementary Sampling Units (ESU) were deﬁned which are
representative of the high resolution satellite pixel. Each ESU was
chosen to represent a 30 m pixel so that each pixel could be directly
matched to a high resolution (30 m) Landsat ETM + image of the site.
ESUs were randomly located within each 1 km2 box, so as to reduce
bias and sample the natural variability of the landscape. If an ESU was
found to lie on a road or at an inaccessible location then it was
randomly relocated to a nearby location 100 m away. If this new
location was also inaccessible the methodology was carried out again
or until a suitable location was obtained. The central 1 km2 box was
more intensively sampled as it represents the intended focus of the
satellite observation. Five ESUs were deﬁned within this box and a
transect dissecting the central box was also sampled (100 measurements). Additionally, seventeen further ESUs were deﬁned using a
stratiﬁed random sampling scheme across the 121 km2 area to sample
locations not covered by the three 9 km2 grids. Where possible,
additional ESUs were deﬁned, resulting in four extra plots at the
mature site and a further ESU at the intermediate site. Employing this
method resulted in 1284 LAI measurements from 107 ESU plots across
the study area, excluding the transect measurements.

Fig. 2. Diagram showing the ﬁeldwork strategy used to sample representative in situ
biophysical properties. The 30 m Elementary Sampling Units (ESUs) are shown by
circles and the ﬂux tower is depicted by a solid blue triangle.

Error of individual in situ samples was not assessed due to cost and
time constraints. However, Williams et al. (2005) suggest relative
errors of 10% for in situ samples taken from the LAI-2000 for the same
site (Law et al., 2001).
2.3. LAI measurements
Gap fraction measurements were obtained using upward looking
hemispherical photography with a 175° ﬁeld-of-view ﬁsh-eye
converter attached to Nikon Coolpix 5000 digital camera. Pictures
were obtained from 12 locations, sampled in a cross design, where
each sample point is 5 m from the next (Fig. 2). Multiple measurements were obtained within each plot to try to reduce measurement
error. LAI measurements were sampled from each site within one
week to minimise impacts of vegetation growth. Each ESU was located
with a Global Positioning System (GPS), using the predeﬁned random
locations (accuracy 5–10 m); with sampling carried out under diffuse
light conditions (dusk and dawn). Due to time constraints, extra LAI
samples were recorded under more variable direct light conditions
(daytime); these are referred to as ‘grab’ samples throughout.
Hemispherical photographs were acquired in the highest nonRAW mode, i.e. ﬁne JPEG, which has a compression factor of 1:4. A
tripod was not used as the sampling time window was limited and the
aim was to sample widely from as many locations as possible. When
taking upward looking photographs, the camera was held at arm's
length and at eye level, with the user leveling the camera by eye
across the camera body so that each picture was taken level and in
approximately the same position. Carrying out the measurements
rapidly in this way allows more than 10× the number of measurements that would be possible where leveling is carried out for each
image acquisition. The small additional uncertainty in the resulting
measurements is traded off against a much greater number of
measurements across a wide area.
2.4. Image processing
Hemispherical photographs were processed in the CANEYE
software package (Weiss, 2002) which uses a cost function to
compare the measured gap fraction of the segmented image
(vegetation and sky) to simulations from a Look Up Table (LUT). An
average of the ﬁrst 200 possible solutions is then computed to derive
an effective LAI (Le) estimate, where effective LAI is deﬁned as LAI
uncorrected for clumping or the amount of woody material present.
CANEYE also allows a clumping index to be computed according to
Lang and McMurtrie (1992), to correct for the effect of nonrandomness in a canopy. The software also calculates a measure of
the plant area index (PAI), i.e. the total visible woody and green leaf
material seen in each image. However, the software does make it
possible to distinguish the green vegetation from woody matter,
although in reality this is a complicated process for conifers for
example, due to the small needle size (therefore not attempted in this
study). Leblanc and Chen (2001) state that gap fraction estimates
based on the CANEYE software produced less than a 5% difference
between sampled PAI and effective LAI measurements.
Due to the large number of photographs requiring processing
(N2500), a supervised approach to the thresholding stage for each
image within the CANEYE software was not deemed a viable step.
Further, supervised thresholding of images would introduce inconsistencies due to the subjective decisions on selected thresholds.
Based on a review by Jonckheere et al. (2005), which compared
various automatic gap fraction estimation algorithms, it was decided
to adopt the most successful algorithm by Ridler and Calvard (1978).
Thus, prior to processing each upward looking hemispherical
photograph in the CANEYE software, the algorithm described by
Ridler and Calvard (1978) was employed to ﬁnd a unique threshold
for each of the 1584 upward looking images. The blue channel was
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selected for analysis from the red, green and blue (RGB) colour space
images, as Jonckheere et al. (2005) argue that this channel provides
the maximum contrast between vegetation and sky.
The thresholding approach was found not to be appropriate for
downward looking images, where the method was unable to clearly
distinguish understory vegetation from gaps (soil/bare ground).
Consequently, downward looking hemispherical images were transformed from RGB to a hue, saturation and intensity (HSI) colour space.
This method was adopted as the high correlation between colour
features in the RGB space renders it difﬁcult to distinguish clear
threshold rules that best depict vegetation (Ohtam et al., 1980).
Images were visually examined and a set of thresholding rules deﬁned
to best distinguish green vegetation for a series of images.
2.5. Landsat image processing
To facilitate the upscaling an intermediate scale Landsat 7 ETM +
scene was obtained from the U.S. Geological Survey (USGS) website
(http://www.usgs.gov/). A satellite overpass scene from the 14th May
2006 was selected as the closest cloud free match temporally to the
ﬁeld campaign (May 5th–June 5th 2006). The chosen study area was
relatively central to the Landsat overpass and consequently suffered
only minor data loss associated with the broken scan line corrector
(2.7% of the total scene). Furthermore, only one of the ESUs was
located on a missing Landsat pixel and when deriving a transfer
function, this was excluded from analysis. When upscaling the high
resolution PAI map to moderate resolution the missing scan lines
were excluded from processing.
Images were converted to Top of Atmosphere (TOA) radiance
using the metadata provided in the ETM + data header and converted
to surface reﬂectance using the 6S code (Vermote et al., 1997). Aerosol
optical depth (AOD) at 550 nm was based on values obtained from the
MODIS aerosol product, MOD04_L2 (10 km resolution).
2.6. Upscaling in situ observations
Field measurements were extended to produce representative
estimates of LAI for the 121 km2 area by developing an empirical
transfer function between the ﬁeld ESUs and corresponding pixels
from a VI derived from the Landsat scene. To upscale ﬁeld ESUs a
regression approach, commonly adopted in the literature (Tan et al.,
2005), was applied here to derive estimates of PAI from the ETM +
image. Three VIs were selected, the Normalised Difference Vegetation
Index (NDVI) (Eq. 1), the Reduced Simple Ratio (RSR) (Eq. 2) and the
Modiﬁed Soil Adjusted Vegetation Index (MSAVI) (Eq. 3). These
indices are described by the following equations:
NDVI =

RSR =

NIR−RED
NIR + RED

NIR
×
RED



SWIR−SWIR min
1−
SWIR max −SWIR min

ð1Þ
ð2Þ

where SWIR is the shortwave infrared reﬂectance channel.
MSAVI =

ð1 + LÞ × ðNIR−REDÞ
NIR + RED + L

ð3Þ

where L = 1 − 2a × NDVI × (NIR − a × Red) and a is the slope of the soil
line.
The choice of VI upon which to upscale ﬁeld measurements of PAI
was based on the most widely applied in the literature and those
relevant to the site speciﬁcs of Oregon. NDVI was adopted as it is the
most widely used in the literature (Chen & Cihlar, 1996; Fassnacht
et al., 1997; Nemani et al., 1993), though saturation of NDVI values at
high LAI values and a small dynamic range are often problematic
(Chen & Cihlar, 1996; Myneni et al., 1995). One proposed solution is
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the RSR index (Brown et al., 2000), Eq. (2), which is reported to
increase the sensitivity to changing LAI through the inclusion of a
SWIR channel and is thus examined further in this study. The last
index chosen is the MSAVI index, Eq. (3), which was adopted as it has
been shown to account for the impact of soil (Huete, 1988; Qi et al.,
1994), which is likely to be a factor in the younger open forests
canopies. The speciﬁc slope of the soil line was calculated for the
MSAVI index by examining a scatter plot of the red and NIR channels.
Least squares regression analysis was used for each of the three VIs
where PAI is the independent variable.
2.7. MODIS LAI observations
The MOD15A2 (Terra)/MYD15A2 (Aqua) LAI/fPAR (fraction of
Photosynthetically Active Radiation) product is recorded at a nominal
1 km resolution (in reality 0.9266 km) and composited over 4–8 day
temporal intervals based on the maximum fPAR value.
The MODIS LAI/fPAR product is derived from an algorithm
(hereafter referred to as main algorithm), which compares the
retrievals of daily surface reﬂectance at 1 km resolution with threedimensional radiative transfer model entries stored in a Look-Up
Table (LUT). The LUT is parameterised by varying biophysical
parameters such as LAI and a solution to the inverse radiative transfer
problem is based on ﬁnding the ‘best’ matches in terms of RMSE (i.e.
the biophysical parameter values resulting in the lowest RMSE
between modelled and observed reﬂectance) (Knyazikhin et al.,
1998; Myneni et al., 2002).
The retrieval of an LAI value is also based on a biome classiﬁcation
map (although c5 products use a new land cover map, the previous
collections were reliant upon the 6 biome collection 3 MODIS land
cover product). Biomes are divided in this way to avoid ill-posedness
in the inverse problem by allowing generalised assumptions about
plant structural attributes (Myneni et al., 2002). Within a biome,
vegetation canopy parameters are considered to be broadly similar,
with similar spectral and structural properties.
A consequence of using the LUT approach is that variables such as
soil and leaf reﬂectance must be ﬁxed a priori per biome type to allow
for global application of the approach. Fang and Liang (2005) argue
that in reality these properties may vary considerably within each
biome from the set values and therefore that this method may incur
large uncertainties.
The MODIS LAI product has an empirical backup algorithm
(hereafter referred to as the backup algorithm), which is based on
biome-speciﬁc relations between NDVI and LAI. These relationships
are particular to the biome and hence are unlikely to capture the true
natural variability of the vegetation at the pixel scale. The main
algorithm LAI retrieval failures (and reliance on the backup
algorithm) result from: (1) low quality surface reﬂectance input
data; differences between observed and modelled reﬂectance must be
less than observed uncertainty for the data to be of an acceptable
quality (Privette et al., 2002); and (2) algorithm error; for example
relating to geolocation, calibration or failures in the cloud mask. These
factors trigger the backup algorithm which largely results in poor
quality retrievals (Knyazikhin et al., 1998; Wang et al., 2001).
Comparison of the MODIS data with the upscaled ETM + LAI data
(UTM) is complicated due to their different native projection systems,
sinusoidal and UTM respectively. To make a direct comparison, either
the ETM + or the MODIS data must be reprojected. The closer the pixel
sizes are in both grids, the greater the impact the choice of which way
around to reproject the data will have on the resulting resampled
pixel values. Here, the large difference in size between the MODIS and
ETM + pixel sizes mean that the effect of this choice will be rather
small. Consequently we have chosen to reproject the MODIS data from
the native sinusoidal projection because of the large-scale distortions
in the projection system for North America, to the coordinate system
of the ETM + data (UTM North Zone 10, WGS 1984). MODIS LAI
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observations were extracted only if produced from the main radiative
transfer algorithm and deemed to be of the best quality (no cloud
contamination or saturation data used).
3. Results
3.1. Assessment of the automatic thresholding method
Accurate estimation of LAI from hemispherical photography
requires deﬁning an optimal threshold between sky/soil and
vegetation, a key problem in processing hemispherical photographs
(Jonckheere et al., 2005). Error in the deﬁned automated threshold is
propagated through to estimates of the image gap fraction (P0).
Sensitivity analysis (not shown) of the thresholds selected for the
upward looking image indicates that changes in P0 with a threshold of
±20%, is greater for upward looking images than downward looking
images. Reducing the upward threshold has a very limited impact on
the P0, though clearly increasing the threshold can have a marked
adjustment to the P0 value, as would be expected, as this reduces the
‘gappiness’ of the canopy. For the upward looking images a negative
percentage change has little or no impact, indicating that a deﬁned
threshold can afford to be an underestimate.
In contrast, the selected bounding rules for the downward looking
image threshold indicate that changes of ±20% appear to be relatively
robust. There is a large drop off in P0 with large negative changes
(between −90 and −70% change) and then the variation in P0 is
more gradual. Although every effort was made to select only green

vegetation where possible, it is possible that a more conservative
thresholding could have been employed, even at the expense of
accounting for more woody matter. The results suggest that the
selection of a clear downward looking threshold may be problematic
as there is no clear threshold boundary. This result is not unexpected,
due to the openness of the understory, where a strong contribution
from a mixture of soil and grass is often present. It is apparent, that
estimates of understory PAI from the downward looking images are
possibly an underestimate of the visible P0 as there is no clear
threshold point. Law et al. (2001) state that 40% of the LAI for the
young site comes from a contribution of the understory. Based on this,
understory estimates made in this study for the young site, (PAI
mean: 0.17 ± 0.06) are likely to be an underestimate.
3.2. In situ data
Samples from the mature aged stands display an approximately
normal distribution and have the highest mean PAI of 2.82 (excluding
‘grab’ sites) (Fig. 3). The sampled range is more uniformly distributed
between 1.5 and 3.5 PAI at intermediate sites (Fig. 3b). The younger
sites (Fig. 3c) have a higher frequency of data at low PAI values 0.5–1.0
and a more uniform range between 1.5 and 3.0. These uniform
distributions at the young and intermediate forests are attributed to
the managed harvesting of the forests, which has resulted in the forest
growing back in a relatively regular spatial pattern. It is noticeable
though that when accounting for understory, the total PAI values are
not appreciably different between the sampled stand ages. This

Fig. 3. Histograms of plant area index values for the: (a) mature (b) intermediate; (c) young; and (d) grab forest sites (3 × 3 km).
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indicates that the older forest's maximum LAI is not substantially
higher than the younger forests, when the understory component is
considered.
The NDVI histogram for the mature site is approximately normally
distributed (Fig. 4). In contrast, the intermediate and young forests
exhibit a much narrower dynamic range than either the PAI
measurements or the NDVI values for mature aged sites. However
unlike for PAI (p b 0.001), the NDVI means of the three main forest age
classes are not distinguishable (p = 0.13) (Fig. 4). The ‘grab’ sites were
collected to increase the variation in the sampled distributions, shown
by having signiﬁcantly different mean NDVI values than the young
sites (p b 0.1). Previous studies (Brown et al., 2000; Chen et al., 2002)
have found the RSR a useful VI for reducing the impact of understory
greenness, and the results here conﬁrm this increased sensitivity, as
the RSR values for the three sites are signiﬁcantly different (p b 0.001).
Even in this relatively homogeneous area, these results demonstrate
how difﬁcult/time consuming it is to validate EO-derived products at a
large enough spatial scale to be meaningful when dealing with
moderate resolution products.
3.3. Relationships between VI and in situ PAI measurements
Although LAI and PAI are expected to vary in a non-linear fashion
with NDVI, due to saturation at high values of LAI (Carlson & Ripley,
1997), the relationships found in this study were essentially linear. It
was decided therefore that it would be more appropriate to adopt a
linear regression model, a scheme widely employed throughout the
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literature (Chen & Cihlar, 1996; Fassnacht et al., 1997; Spanner, 1994;
Wang et al., 2004). The relationship between NDVI, RSR and PAI for 3
main forest age stands and the ‘grab’ sites are shown in Figs. 5–8.
Similar results were found for the RSR and MSAVI and accordingly
linear relationships were also used for these indices. Use of the MSAVI
values showed the poorest relationship with the in situ PAI values
(r2 = 0.27, not shown). None of the sampled sites show any clear
indication of reaching a saturation point at higher PAI values,
suggesting that the adoption of a linear model ﬁt is a reasonable
approximation. The strongest correlations between the satellite and in
situ measurements (Table 2) are for samples from the older mature
forest and the ‘grab’ sites. In contrast the relationship at the
intermediate site is relatively poor and at the young site is almost
completely ﬂat, indicating no correlation between the satellite
observation and the in situ samples.
3.4. PAI modelling based on in situ observations
Due to the narrow bounds of NDVI at the younger forest sites, an
age-speciﬁc relationship at any site other than the mature and grab
sites (Figs. 5, 8) was deemed inappropriate. To overcome this, data
from all of the sites are combined, improving the scope of NDVI values
sampled. Fig. 9a shows that the model ﬁt for all of the sites has a weak
relationship with the sampled observations (r2 = 0.42). Values which
fall below the threshold of the derived regression equation, namely
values b0.44 were equated to a PAI value of zero. Visual examination
of the 11 km2 data set in a high resolution (4 m) IKONOS scene 2002

Fig. 4. Histograms of Landsat derived NDVI values for the: (a) mature (b) intermediate; (c) young; and (d) grab forest sites (3 × 3 km).
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Fig. 5. Relationship between ﬁeld measured PAI and NDVI from mature sites
(samples = 33) (a) and between PAI and RSR (b). The grey dot indicates the 3 × 3
surrounding pixel mean, whilst the error bars indicate standard deviation.

(not shown), suggests this is an acceptable assumption. Excluded
regions appear to be either areas of no vegetation or limited tree
cover, with such a low stocking density as to be largely negligible at
the resolution of a Landsat pixel. Panel (b) in Fig. 9 shows a wide
spread of predicted PAI values against observed values, where the
regression ﬁt only explains 45% of the variation, with an RMSE of 1.06.
The largest spread in the data is at medium PAI values (2–3). This is
the area with the largest proportion of PAI samples (Fig. 3).
The RSR index was chosen as it has been shown to have increased
sensitivity to LAI. The results shown in Fig. 9c indicate that here
however, the RSR offered no signiﬁcant improved ﬁt at the young site
and a poorer correlation at the intermediate site. However, the
increased dynamic range of the RSR does lead to an improved overall
ﬁt across all the sites (r2 = 0.54), due to the increased sensitivity to
PAI values at the mature and ‘grab’ sites. Panel (d) of Fig. 9 shows the
agreement between observed and predicted PAI values, RMSE = 0.95.
The RSR index results in oversensitivity to higher PAI values (N5), the
predicted PAI values may vary by as much as 3 for a small change in
observed PAI (b0.5), a saturation effect. In the case of the entire study
area, this artiﬁcial sensitivity to PAI becomes more of an issue. This is
because the VI is very susceptible to small changes in red reﬂectance,
which leads to large changes in RSR values.
Accounting for the soil line in an attempt to suppress the
background signal in the MSAVI VI does not lead to any improvement
in the ﬁt between observations and the satellite data in comparison to
either the NDVI or RSR VI. This may be due to not sufﬁciently deﬁning
an appropriate soil line for the VI, as there is a higher variability at low

Fig. 6. Relationship between ﬁeld measured PAI and NDVI from intermediate sites
(samples = 30) (a) and between PAI and RSR (b). The grey dot indicates the 3 × 3
surrounding pixel mean, whilst the error bars indicate standard deviation.

values of the NIR and red channels. However, similar results were
obtained for three other selected soil lines (not shown), so for the soil
lines derived here the MSAVI did not offer any improvement over
other VIs when trying to upscale in situ measurements for the study
area.
Despite the higher correlations between the RSR VI and PAI
measurements, due to the observed artiﬁcial oversensitivity to PAI
values and the worse performance at younger forest sites, it was
decided to use the NDVI–PAI relationship derived from Fig. 9 i.e.

PAI = 16:7 × NDVI−7:3

ð4Þ

Fig. 10a shows the generated high resolution (30 m pixels) PAI
map, formed by applying this relationship to the ETM + scene over the
11 km2 study area. As mentioned previously areas below PAI = 0.44
were set to a value of zero to indicate an area of bare vegetation.
Excluding these areas results in a loss of 3.2% of the image pixels, with
a further 2.6% already excluded due to the faulty SLC of the Landsat
satellite. The RMSE for the relationship described in Eq. (4) cannot be
taken as an appropriate indication of the uncertainty for the entire
11 km2 study area due to the spread in the regression model ﬁtted
through the data. The RMSE range is 1.04–1.46 due to the potential
errors in the ﬁt of the observations to the satellite VI. Furthermore the
RMSE only accounts for the PAI values from the sampled range, up to
the PAI of 5.25.
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Fig. 7. Relationship between ﬁeld measured PAI and NDVI from young sites
(samples = 27) (a) and between PAI and RSR (b). The grey dot indicates the 3 × 3
surrounding pixel mean, whilst the error bars indicate standard deviation.

3.5. Validation of moderate resolution satellite products
The upscaled PAI map was degraded from 30 m to the 1 km
resolution of a MODIS pixel. As can be seen from Fig. 10b, despite the
reduction in resolution, the same spatial patterns evident in the 30 m
PAI map are broadly still visible. For example, the area of higher PAI
along Green Ridge, running from north to south almost centrally
through the image is still discernible, as is the transition from low to
higher PAI in the bottom right of the image where the young and
intermediate sites are located.
Four 8-day composite MODIS LAI scenes were averaged for the
month of May, 2006 (collection 4/5). Improvements in the collection
5 product have resulted in signiﬁcant changes in the magnitude of
the MODIS LAI values derived from the MODIS product. The overprediction of LAI reported for needleleaf biomes (Fang & Liang,
2005), has clearly been addressed in the c5 product. The LAI range
for the c4 product varies from 1.47 to 4.93 across the study area
compared to 1.2–2.45 for the c5 product (Fig. 11). In addition, the
spatial patterns of LAI are somewhat different. The scatter plot
shown in Fig. 11c illustrates the signiﬁcant difference between the
c4 and c5 LAI values. Note that the upscaled ETM + PAI values are not
directly comparable to the MODIS LAI values as the latter do not
account for the amount of woody material present in the upscaled in
situ measurements (which would reduce the PAI range). To
accurately correct for the woody matter, a species count would
have been required for each ESU, and although counts were taken for
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Fig. 8. Relationship between ﬁeld measured PAI and NDVI from grab sites
(samples = 17) (a) and between PAI and RSR (b). The grey dot indicates the 3 × 3
surrounding pixel mean, whilst the error bars indicate standard deviation.

in situ plots this did not cover the entirety of an ETM + pixel and was
not carried out at the young site. Furthermore, the range of woody
correction (wood area index = 0.26 ± 0.1) values reported in Law
et al. (2001) for similar areas, would not account for the reported
discrepancies.
Fig. 11 indicates that there is little spatial consistency between the
c4 and c5 LAI products, the distributions of the c4 and c5 products
differed signiﬁcantly (p b 0.001). The lack of consistency between
MODIS c4 and c5 is of concern and certainly could be a cause for
mistrust within the ecosystem modelling community. Fig. 11 points to
a clear overprediction in the c4 product (p b 0.001) and an underprediction in the new c5 product (p b 0.001) relative to the degraded
ETM + map. Fig. 12 shows that, despite a lower range in the
magnitude of MODIS LAI values relative to the ETM + data, a positive
spatial correlation (r2 = 0.42, covariance = 0.18) (Fig. 10b). Whilst the
PAI ETM + image has not been adjusted for the woody material, which
would result in a reduction in the magnitude of values, this would not

Table 2
Coefﬁcient of determination between upscaled in situ PAI measurements and the
vegetation indices, NDVI and RSR.

Mature
Intermediate
Young
Grab

NDVI (r2)

RSR (r2)

0.63
0.32
0.02
0.72

0.72
0.27
0.02
0.74
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Fig. 9. Relationship between ﬁeld measured PAI and NDVI from all of the sampled sites (mature, intermediate, young and grab sites) (a) and PAI and RSR (c). Panels (b) and (d) show
the predicted and observed PAI values for sampled locations using the model ﬁt.

affect the correlation, only the offset. Both MODIS collections show
some spatial correspondence with the high resolution estimates and
the most recent version is visibly more uniform that the previous
MODIS collection (c4 LAI: μ = 3.64, σ = 0.83, compared to c5 LAI:
μ = 1.69, σ = 0.28 and ETM + LAI: μ = 2.88, σ = 0.94).
As the MODIS LAI algorithm generates a mean of possible solutions
within a given level of uncertainty, instead of a single LAI solution,
Wang et al. (2004) argue that to consider just a single pixel value
could be unreliable, instead the average of surrounding pixels should
be acquired. Table 3 shows the results of averaging over a 3 km2 area
centered on each of the ﬂux towers and the corresponding LAI average
across the month of May for the MODIS LAI product. It is evident that
even with this spatial averaging the retrieved MODIS LAI are
statistically different from the aggregated ETM + averages (99%
level), with the magnitudes on average below that of the aggregated
ﬁner-scale values.
Fig. 13 shows a generally consistent seasonal trajectory of MODIS
LAI across the 3 sites. This is in contrast with the previous reports
(Cohen et al., 2006) of noisy day-to-day retrievals. The level of
variability in the c5 MODIS retrievals, ranging on average from 0.7 to
3.1, remains lower than the Cohen et al. (2006) report for the c4
product (1–4). However, the variability is larger than the maximum
stated (Cohen et al., 2006) true variability for the Metolius region
(30% from the maximum). Long time series validation of the data to
capture temporal patterns, such as those used in assessing the
accuracy of MODIS albedo products by Disney et al. (2004), were not
possible in this context.

4. Discussion
Product validation in this study involved three stages: (i) collecting
spatial samples of LAI/PAI in situ to estimate the variability across high
resolution (b30 m) satellite pixels; (ii) generation of a high resolution
map of PAI using an intermediate dataset (Landsat) to extrapolate the
in situ ﬁeld observations to the larger spatial area; and (iii) aggregation
of the high resolution map to the scale of the MODIS LAI product
(~1 km).
4.1. Relationship between in situ LAI and high resolution Landsat ETM + VI
Obtaining representative in situ measurements of LAI involves a
range of measurements to supplement the indirect estimation of
effective LAI, for example clumping and the contribution from woody
matter. Due to logistical difﬁculties of obtaining estimates of the
woody matter, for example felling of trees (Chen & Cihlar, 1996),
which was not possible in this study, no attempt was made to
characterise the contribution of woody material to gap fraction
estimates. Furthermore due to the mixed composition of the
coniferous forest encountered during sampling, it was felt it would
be inappropriate to assume an average woody correction based on a
previous literature species samples.
Characterising the contribution from the understory component,
especially in the younger aged stands, will certainly impact the
relationship between ﬁeld observations and the satellite signal. The
values for the understory PAI calculated from the hemispherical
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Fig. 10. 11 × 11 km PAI map generated from the ETM + scene using the relationship
described by Eq. (4). Panel (a) shows the PAI map at the ETM + resolution, where areas
of white are the excluded pixels due to the faulty SLC (2.6%). Panel (b) is the PAI map
degraded to MODIS resolution.
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images here were an underestimate. The cause of this underestimate
is attributed primarily to the sampling technique, as opposed to the
thresholding scheme used. This is because adjustments to the chosen
thresholds, whilst resulting in different estimates of PAI, do not
account for the magnitude of the difference compared to the
literature.
The RSR had a higher correlation with the ﬁeld measurements
than the NDVI at the mature and ‘grab’ sites, its increased
sensitivity to PAI was unrealistic, particularly at high values
(PAI N 5). Fitting the data with a non-linear relationship rather
than a linear model may have accounted for this issue, given a clear
saturation point is reached in the VI. However, the VI was chosen
on the basis that the SWIR could reduce the contribution of the
background signal. As no signiﬁcant improvement in model-data ﬁt
was found at the younger forest sites, this VI was rejected for use in
the study.
However, due to the limited dynamic range sampled in the VI for
young forest sites and to a lesser extent intermediate sites, improved
quantiﬁcation of the understory may not in the end result in
substantial improvements in observation–satellite correlations. The
spread in the ﬁt between satellite and ﬁeld data is due to the
relatively narrow range of VI values sampled by the stratiﬁed
random sampling procedure, particularly in the young site where
67% of values fell between the range of an NDVI of 0.5 and 0.6. The
small dynamic range sampled made characterising age speciﬁc
relationships impossible.
Furthermore, although every attempt was made to obtain
accurate GPS measurements, it was apparent that accuracies were
often between 5 and 10 m and geolocation issues are likely in
correlating in situ measurements to satellite pixels of 30 m. However
it is likely these errors will be averaged out at the moderate
resolution.

Fig. 11. Monthly MODIS average LAI for the study area May 2006 (a) collection 4, (b) collection 5 and (c) scatter between the collections.
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Fig. 12. Correlation between the MODIS collection 5 and upscaled ETM + data.

4.2. Is the c5 MODIS LAI product of sufﬁcient quality to be used to drive a
land surface model or within an assimilation scheme?
The potential to utilise EO-derived products with ecosystem
models, be it as a forcing mechanism in a land surface scheme such
as the Joint UK Land Environment Simulator (JULES) model (Essery
et al., 2003; Prieto-Blanco et al., 2009), or to correct a model in an
assimilation scheme, necessitates a comprehensive understanding of
the accuracy and uncertainty of the various products. Integration of a
‘high-level’ product within an assimilation scheme without full
knowledge of the product uncertainty will render any estimate from
a DA scheme sub-optimal. A further issue requiring characterisation in
regards to an assimilation scheme is any possible bias in observations.
Similarly if a model is ‘forced’ with EO derived LAI and it does not have
the correct magnitude or spatial variability, then energy, water and
momentum ﬂuxes will be poorly simulated, as LAI deﬁnes the
boundary for this interaction. Lastly, the MODIS LAI/fPAR product is
used as a key input to the MODIS MOD17 GPP/NPP product, whereby
errors in the LAI (and therefore the fPAR) will result in poor derived
ﬂux estimates (see Heinsch et al., 2006).
Although due to time constraints no attempt was made to sample
uncertainty in ﬁeld measurements, for example through destructive
sampling or repeat measurements, an attempt was made to
characterise error induced by the model ﬁt between the in situ
measurements and the ETM + pixels. There are clear spatial and
magnitude differences between the MODIS LAI product and the
aggregated PAI ETM + map. There has been a deﬁnite improvement
relating to the temporal consistency (Fig. 13) reported in the
literature. Furthermore the MODIS c5 product is certainly an
improvement over c4 in light of the highlighted problems of overpredicted LAI values in forested biomes (Cohen et al., 2006; Fang &
Liang, 2005). The MODIS LAI product is still however consistently an
underprediction of the degraded ETM + image both on a pixel-topixel comparison, and over a 3 × 3 pixel spatial average. The range of
values reported for the MODIS LAI product over the study area are
reasonable, as is the seasonal evolution, however it is clear that it
underestimates regions of higher LAI, on average the c5 product
shows a 51% decrease in LAI compared to the c4 product and 36%
Table 3
A comparison of the mean and spatial standard deviations of the PAI ETM + and MODIS
LAI product (collection 5) at the age speciﬁc 3 × 3 study areas.
ETM + PAI (3 × 3 km)

Mature
Intermediate
Young

MODIS LAI (3 × 3 km)

Mean

Spatial st. dev.

Mean

Spatial st. dev

1.78
2.73
2.29

0.79
0.53
0.51

1.93
1.44
1.51

0.15
0.14
0.19

Fig. 13. Temporal dynamics of the MODIS c5 data for the three ﬂux tower sites. Error
bars represent the 3 × 3 km spatial standard deviation in LAI.

compared to the upscaled PAI map. Finally we acknowledge that the
range of MODIS values shown in Table 3 do fall within those sampled
as RMSE of the ETM + map; therefore perhaps an indication that
MODIS values are sensible. However, given ﬁrstly that this RMSE does
not account for the very high sampled values and secondly the lack of
spatial consistency, we suggest our analysis that MODIS underestimates LAI is robust.

5. Conclusions
We present a wide-scale spatial validation of the latest c5 MODIS
LAI product, for an intensively sampled region over a mixed
coniferous site in the Western USA. We used empirical relationships
to upscale detailed in situ measurements of canopy LAI to compare
with MODIS-derived values. Results suggest the c5 MODIS LAI product
is an improvement in both the seasonal trajectory and spatial
correlation over the c4 product (c5: r2 = 0.42, compared to c4:
r2 = 0.28). However, the results also suggest that the c5 product
underestimates the upper magnitude LAI values, but despite this there
is a positive spatial correlation with the high spatial resolution
estimates. Compared to the in situ measurements the c5 LAI values
appear to have a slightly greater bias than the c4 product (c5 bias =
−1.18; c4 bias = 0.76).
The results presented here highlight some of the complexities in
an attempt to validate satellite products at a moderate resolution,
patently not a straightforward task. We discuss the implications of the
remaining uncertainty in the MODIS LAI product in terms of the
impact on model data assimilation schemes requiring estimates of LAI.
We suggest that the increasing use of products such as LAI in this way
only increases the need for continued efforts to validate these
products. Alternatively use of ‘low-level’ products (radiance or
reﬂectance) where uncertainty is generally more easily characterised,
may be a more desirable model-data fusion approach and can increase
transparency. However this adds a greater level of complexity, as it
requires the development of an ‘observation operator’ to relate
observations of radiance or reﬂectance to something a model of
ecosystem function can assimilate (Quaife et al., 2008b).
Given the clear error still present in the c5 LAI product (which will
also be propagated to other products which depend on these
retrievals, e.g. the MODIS GPP/NPP product), the application of LAI
retrievals as a reference benchmarking tool, or as a driving dataset in
model data assimilation work, must be done with caution.
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