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a b s t r a c t
Understanding of mechanisms underlying carbon ﬂux dynamics in the Eastern Arc Mountains and their
catchment areas is lacking, due to data shortage (e.g. biome speciﬁc canopy structure) and spatial heterogeneity of tropical ecosystems. This study focuses on documenting leaf area index (LAI) for the main biomes in
the Eastern Arc Mountains and their surroundings. In situ optical instruments, i.e. hemispherical photography and a SunScan device, were used to acquire ground LAI measurements. Spectral vegetation indices
(VIs) extracted from Landsat Enhanced Thematic Mapper (ETM +) and Système Probatoire d'Observation
de la Terre (SPOT) reﬂectance data were used, along with mean annual precipitation (MAP), as explanatory
variables of LAI variation. The results indicate that LAI signiﬁcantly increases with increasing MAP for woody
biomes. Implementing long-term MAP as a second predictor variable into the VI–LAI models signiﬁcantly improved LAI predictions by up to 10% using the normalised difference vegetation index (NDVI), modiﬁed soil
adjusted vegetation index (MSAVI 2) and 2-band enhanced vegetation index (EVI 2). Varying forest disturbances and agricultural management practises may have contributed to observed discrepancies of LAI with
MAP across biomes. The importance of altitudinal gradients is yet to be explained fully with more study required. However, LAI appears to be higher in low-altitude forests compared to forests at higher altitudes. Our
results indicate that SPOT and Landsat-derived VIs, in combination with long-term MAP, may be a suitable
tool to develop landscape maps of LAI in Eastern Africa. This study also presents the in situ LAI measurements
for further validation of global products for areas that are currently under-represented in Earth Observation
(EO) global validation networks.
© 2011 Elsevier Inc. All rights reserved.

1. Introduction
The Eastern Arc Mountains, a chain of mountain blocks stretching
across Tanzania to South Kenya, are a major refugium for diverse tropical forests (Mittermeier et al., 2004; Myers et al., 2000). Rapid deforestation trends (Hall et al., 2009) are fuelled by recent intense
economic development and population growth, especially in lowland
and coastal areas (Ahrends et al., 2010; Lovett et al., 2000). Forests in
southern Kenya (Taita Hills and Kasigau) are particularly affected by
human activities and only a few disturbed fragments remain (Aerts
et al., 2011; Pellikka et al., 2009).
Recently, these tropical forests have received considerable attention because of their high biodiversity and level of species endemism
(Burgess et al., 2007; Lovett & Wasser, 1993), their status as provider
of essential ecosystem services to local communities (Bjørndalen,
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1992; Swetnam et al., 2011) and more importantly their role as global
carbon sink (Burgess et al., 2010; Lewis et al., 2009).
At lower altitudes, the landscape is dominated by dry woody biomes
including deciduous woodlands and savannah systems. Such biomes are
highly dynamic, varying across space and time (Bucini & Hanan, 2007;
Furley, 2010; Marchant, 2010). Their extents and structures reﬂect complex interactions between local ﬁre regimes (Bond et al., 2003, 2005;
Govender et al., 2006), substrate and topography (Kambatuku et al.,
2011; Schleicher et al., 2011), inter-tree competition (Wiegand et al.,
2006), human activities and herbivore pressure (Holdo et al., 2009;
Ribeiro, Saatchi, et al., 2008). Maximum tree cover is expected to increase
linearly with mean annual precipitation (MAP) up to about 650 mm/
year (Sankaran et al., 2005). While precipitation seasonality drives
intra-annual vegetation structure changes. Despite their importance for
village communities (Chidumayo & Kwibisa, 2003), dry woody biomes
are understudied (Williams et al., 2008) and their contribution to regional gas ﬂuxes is uncertain due to lack of data on vegetation structure and
its interannual changes (Williams et al., 2007), although studies suggest
that they are a carbon sink (Taylor & Lloyd, 1992).
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Vegetation is a key player in ecosystem processes controlling primary productivity and transpiration as well as water and gas exchanges between atmosphere and terrestrial ecosystem (Monteith &
Unsworth, 1990; Running et al., 1999). Linking vegetation structure
to vegetation function in ecosystem processes such as carbon ﬂux dynamics and surface water ﬂows (Hill et al., 2006) requires baseline
vegetation structure data over large landscape scales (Stoy et al.,
2009). However, spatial estimates of biomass and vegetation canopy
traits are rare, especially for tropical dry forests and ecosystems in
tropical Africa (Kalácska et al., 2005; Schimel et al., 2001).
High spatial heterogeneity in vegetation structure is not accounted for
in current dynamic vegetation models (e.g. Doherty et al., 2010) but
could potentially alter model predictions for East African vegetation
under climate change, which currently produce contradictory reconstructions. Vegetation structure can be assessed on the landscape scale
by measuring vegetation canopy traits including leaf area index (LAI)
and canopy gap fraction under different precipitation and disturbance regimes. LAI is deﬁned as one half the total leaf surface area per unit ground
surface area projected on the local horizontal datum (Chen & Black, 1992;
Gonsamo, 2009). It features as a critical state variable in many ecosystem
process models characterising, among others, crop growth, hydrology,
numerical weather prediction and carbon cycling (e.g. Anselmi et al.,
2004; Borchers et al., 1995; Doraiswamy et al., 2004; Sabater et al., 2008).
As a result of its ubiquity in biogeochemical models, LAI is sometimes
prescribed as literature-based estimate for speciﬁc plant functional types
(Asner et al., 2003; Scurlock et al., 2001). However, global spatial coverage of in situ LAI estimates is inconsistent and there is a signiﬁcant lack
of data for biomes on the African continent. Of the few LAI studies
in Africa, most were carried out for crop growth assessment (e.g.
Amer, 2010; Chiezey et al., 2004; Oguntunde & van de Giesen, 2004),
and only a few estimated LAI in forest plantations (Dovey & du Toit,
2006; du Toit & Dovey, 2005) or natural biomes (Privette et al., 2002;
Wasseige et al., 2003; Ribeiro, Shugart, et al., 2008; Mougin et al., 2009;
Kraus et al., 2009; Kovacs et al., 2010). Because LAI can vary strongly
between regions and within biomes (Asner et al., 2003; Ribeiro,
Shugart, et al., 2008), and temporarily with seasons, weather and
disturbances (Wasseige et al., 2003; Mougin et al., 2009), such data
gaps can introduce substantial errors into global ecosystem models
(Launay & Guerif, 2005; Sabater et al., 2008).
Estimating plot-level LAI can be labour intensive and time consuming
(Jonckheere et al., 2004), although indirect approaches (e.g. hemispherical photography, Sunscan-Delta-T, LAI-2000) now enable more timeefﬁcient LAI estimates for rapid canopy structure assessments over larger
areas. Remote sensing has extended the capability of observing foliage
changes from the ground (Garrigues et al., 2008; Wasseige et al., 2003).
LAI estimation at landscape, regional or global scales relies on remotely
sensed optical measurements using either physically based or empirical
models (Stoy et al., 2009; De Kauwe et al., 2011).
Empirical models for estimating LAI from remotely sensed data typically rely on spectral vegetation indices (VIs), formed by arithmetic
combinations of two or more spectral bands of optical sensor data. VIs
exploit the spectral contrast between various spectral bands, typically
visible red and near-infrared, to relate canopy physical traits to reﬂectance. VIs correlate with LAI and productivity (e.g. Jiang et al., 2008;
Pettorelli et al., 2011; Sims et al., 2006; Sjöström et al., 2011). However,
their links to ecological traits are region-speciﬁc which can introduce
aggregation errors during upscaling from plot-level to moderate or
coarse resolution of satellite data (Pfeifer et al., in press).
In this study, we focus on major biomes of the Eastern Arc Mountains
and their catchment areas in South-west Kenya and Tanzania aiming to
document and estimate biome-speciﬁc LAI and its spatial variation at
landscape scales. We set out to address the following questions: (i) can
typical East African woody biomes be distinguished according to their
LAI? (ii) Does precipitation affect LAI measured for biomes? And (iii) if
so, can precipitation be included as additional explanatory model variable in VIs–LAI models in order to improve large scale estimation of

LAI? We document ground measurements of LAI in tropical monsoon biomes of Kenya and Tanzania. We develop LAI–VI models using three VIs
that could subsequently be used to upscale LAI from plot to landscape
scale using satellite imagery, and we test the signiﬁcance of MAP as an
additional explanatory variable for changing LAI.
2. Material and methods
2.1. Study site
The study was carried out in the Eastern Arc Mountains and their
catchment areas (Fig. 1). Main biomes include tropical montane and lowland forests, deciduous woodlands (sensu Miombo; dominated primarily
by genera Brachystegia, Julbernadia and Isoberlinia), bushlands sensu savannah, croplands and forest plantations (Table 1). Forests are mainly
found in the mountains, although a few coastal and lowland forests can
still be found. Fire-prone woodlands and bushlands (Fig. 2) dominate in
lower altitudes. They are characterised by lower tree canopy height and
density and thus lower above-ground biomass (Williams et al., 2008).
Structure and productivity of woody biomes in Eastern Africa is assumed
to vary primarily with precipitation (Hely et al., 2006). Precipitation in
the study area is spatially variable and strictly seasonal (Marchant et al.,
2006; Nicholson, 2000; Schreck & Semazzi, 2004). Woodlands and forests are either used for timber, charcoal production and food, or are converted to cultivated land including forest plantations and agricultural
crops (Chidumayo & Kwibisa, 2003). A range of land management
schemes exist aimed at conservation of forests and woodlands or at
their management for resource use (IUCN and UNEP-WCMC 2010;
http://www.unep-wcmc.org/protected_areas/protected_areas).
2.2. Ground measurement sampling periods
Four ﬁeldwork campaigns were carried out to acquire biomespeciﬁc estimates of LAI. In January 2007, hemispherical images were
collected in forest fragments located in the Taita Hills (Kenya), which
represent the northern border of the Eastern Arc Mountains (Table 2).
In January 2010, hemispherical images were collected in fragments of
montane forests and one pine plantation in Kasigau (Kenya). Independently, Sunscan-Delta-T measurements and further sets of hemispherical images were obtained in January and July 2010 in tropical montane
forests, lowland and coastal forests, woodlands, bushland, and a range
of crop types and forest plantations in Tanzania's Eastern Arc Mountain
blocks and their catchment areas (Table 1).
2.3. Ground measurements of LAI
We used two indirect methods to estimate in situ LAI that are
based on non-contact gap fraction inversion measuring radiation
transmission through the canopy. The SunScan (Delta-T Devices
Ltd., Cambridge) instrument was used in selected biomes (Table 1).
The SunScan instrument measures photosynthetically active radiation (PAR) below the canopy via 64 sensors and LAI is derived using
a simpliﬁed radiative transfer approximation for direct and diffuse attenuation through the canopy (Webb et al., 2008). The SunScan instrument is optimised for low regular canopies and has been shown
to capture the high LAI gradient in agricultural crops (Wilhelm,
2000) and to correlate signiﬁcantly with LAI estimates derived from
destructive sampling for rice ﬁelds (Sone et al., 2009).
High-resolution RGB images were taken in most biomes through a
hemispherical (ﬁsh-eye) lens looking vertically upward beneath a vegetation canopy (Jonckheere et al., 2005b). The ‘levelled’ hemispherical
photographs were acquired normal to a local horizontal datum by
orienting the optical axis of the lens to local zenith (Gonsamo &
Pellikka, 2008). Measurements were performed under overcast conditions to minimise anisotropy of the sky radiance (Jonckheere et al.,
2004). Images were acquired using a tripod with the camera levelled
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Fig. 1. Location of study sites in the Eastern Arc Mountains and surrounding areas. Mountain eco-regions (red polygons) are delimited according to Platts et al. (2011). 5 additional
areas were sampled: 1 — Amboselie; 2 — Arusha NP; 3 — Dar es Salaam and surroundings (incl. coastal forest offshore); 4 — Morogoro woodlands and bushlands; 5 — Magombera.
Green dots — SunScan measurements. Green (camera system 3) and black triangles (camera systems 1 and 2) — Collection of hemispherical images. (For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

about 1 m above ground. A compass was used to ensure the upper picture margin was always facing northward
Three different camera systems were used (Table 2). Images in
Taita Hills were taken with an 8 mega pixel Nikon Coolpix 8800 VR
digital camera equipped with a ﬁsh-eye Nikon FC-E9 lens adapter
(System 1). Pictures in Kasigau were taken with a 12.3 megapixel
Nikon D5000 SLR digital camera equipped with a Sigma 4.5 mm
F2.8 ﬁsh-eye lens adapter (System 2). Pictures in southern and coastal
areas of Tanzania were taken with a 12.2 megapixel Canon EOS 450D
equipped with a Sigma 4.5 mm F2.8 ﬁsh-eye lens adapter (System 3).
The cameras were calibrated to deﬁne optical centre and projection
function. To correct for possible lens distortions, System 3 was calibrated following the CAN-EYE V6 manual (Weiss & Baret, 2010).
Manual exposure settings are usually recommended when acquiring hemispherical photographs, based on reference measurements

made either using a spot light meter or the same ﬁsh-eye lens, the latter being the ideal approach (Zhang et al., 2005). Here, we have used
the same ﬁsh-eye lens to determine the standard exposure. As large
gaps were not often possible to ﬁnd and the sky brightness from the
surrounding sloping ground has a large contribution in the measured
reference exposure, we have primarily relied on overcast sky condition and exposure adjustment in reference to the measured in-stand
automatic exposure as recommended by Zhang et al. (2005). As
such, we have acquired a series of photographs using automatic exposure, and 1 and 2 stops underexposure relative to the in-canopy automatic measures. Among these photographs, we have selected visually
those which gave the best contrast between foliage and sky.
The VAlidation of Land European Remote Sensing Instruments
(VALERI: http://w3.avignon.inra.fr/valeri/) project recommends speciﬁc
ground measurement sampling schemes to characterise biophysical
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Table 1
Characteristics of sampled Eastern Arc mountain biomes. N — Number of plots; MAP — Mean annual precipitation (in mm); Elevation is in m above sea level; D — Known disturbance history (DD — heavily disturbed/D — minor disturbance/U — undisturbed); PS — Protection status (NP: National Park, NR: Nature Reserve, MR: Marine Reserve); H/S — Number of plots with hemispherical images/SunScan data.
Tropical

N

MAP

Elevation

D

PS

H

S

Notes

Arusha NP
Kasigau

1
22

1258
938 ± 157

1653
1087 ± 263

U
DD

NP
Nota

–
22

1
–

Taita Hills

58

1215 ± 45

1696 ± 145

DD

Not

58

–

Udzungwa
Magombera
River Forest

4
6
1

1513
1521
660

819 ± 56
280 ± 11
687

U
D
D

NP
GAb
Not

4
6
–

3
6
1

Ukuguru

Ukuguru
Mbudya
3

4
1
1038 ± 62

1693 ± 5
–
561 ± 71

313 ± 49
9
D

D
D
Not

FRc
MR
3

4
1
1

SUA

4

1034 ± 13

416 ± 19

D

FRd

4

3

Bushland

Ukuguru
SUA

1
4

988
1018 ± 29

560
377 ± 43

D
D

Not
FRd

1
4

1
4

Cultivated

Crops

Banana

2

1156 ± 35

49 ± 56

–

–

2

–
–
10 to 20 m high with grass and/or
shrub undergrowth; open canopy
≤12 m high with high dense grass,
trees scattered
4 to 5 m high, plants dense
≤5 m high, very open
(plants scattered)
2

Old-growth, ≥ 15 m high, plants dense
Old-growth, height varies among plots
(8 up to 53 m) , open canopy
Old-growth, height (and density) varies
among plots
Old-growth
Old-growth
Old-growth, dense, small forest belt along
river; used for honey production
Old-growth
Old-growth

Corn

6

1133 ± 250

810 ± 627

–

–

3

4

Mbaazi
Rice
Sisal

1
1
1

988
1493
660

562
262
691

–
–
–

–
–
–

1
1
0

1
1
1

Sugarcane
Eucalyptus

1
1

1493
1097

256
963

–
–

–
–

1
1

1
1

Kigeria
Lucia

1
1

1499
957

261
479

–
–

–
–

1
1

1
1

Mango
Palm

1
4

994
1117 ± 74

542
185 ± 229

–
–

–
–

1
4

1
1

Pine

1

1282

1921

–

–

1

–

Forests

Mountain

Lowland

Woodland

Plantation

a
b
c
d

One young stand: 4 m high, one mature
stand: 6 m high; both dense
mature stands with fruits (one
senescent); ≤ 2 m
Young stand, 1–2 m high, plants scattered
Mature stand, ≥ 2 m high, very dense
Mature stand, ≤ 2 m high, dense in
parallel rows
Mature stand, ≥ 2 m high, very dense
Young stand, trees 15 to 16 m high,
plants dense
Very young stand, 4 m high, plants dense
Mature stand, 10 to 15 m high, plants
scattered (canopy gaps)
Young stand, 5–6 m high, plants scattered
mature coconut stands; scattered, ≥15 m
high except for one (10 m high)
Mature stand, ≤ 50 m high

Kasigau Forest Reserve nearby.
Within boundaries of Selous Game Reserve.
Kimboza Forest Reserve.
Kitulanghalo Forest Reserve.

traits at the spatial resolution of satellite pixels (Fig. 3). SunScan measurements and hemispherical images were taken at least at nine sampling points (Si) distributed within plots established according to
VALERI design whenever possible. In some biomes, due to terrain or

accessibility, measurements were taken along linear south-to-north
transects with GPS coordinates noted at each Si. Plots or transects
were usually placed within biomes at more than 50 m distance from
the biome edge (except for some croplands). We took three SunScan

Fig. 2. Photographs of plots in different woody biomes. From top left (clockwise): bushland, bushland with Adansonia digitata, woodland, mountain forest, lowland forest and coastal forest.
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Table 2
Dates and locations for ground-based LAI measurements. SunScan (Delta-T Devices
Ltd., Cambridge) and three camera systems were used. Camera System 1: a 12.3 megapixels Nikon D5000 SLR digital camera equipped with a Sigma 4.5 mm F2.8 ﬁsh-eye
lens adapter; Camera System 2: a 8 megapixels Nikon Coolpix 8800 VR digital camera
equipped with a ﬁsh-eye Nikon FC-E9 lens adapter; Camera System 3: Pictures in
southern and coastal areas of Tanzania were taken with a 12.2 megapixels Canon EOS
450D equipped with a Sigma 4.5 mm F2.8 ﬁsh-eye lens adapter. For details on locations
see Fig. 1.
Method

Dates

Locations

SunScan

03/01 to 16/01/10 and
04/07/ to 19/07/10

Camera System 1
Camera System 2
Camera System 3

26/01 to 08/02/07
14/01 to 17/01/10
04/07 to 19/07/10

Amboselie, Arusha, Pare,
South Tanzania and coastal
sites near Dar es Salaam
Taita Hills
Kasigau
South Tanzania and coastal
sites near Dar es Salaam

readings per Si from three different directions. We collected one hemispherical image per Si. Our sampling scheme aimed to capture heterogeneity in vegetation canopy structure. Thus, plot size was larger in forests,
characterised by higher plants and more variable canopies (on the scale
of satellite pixel resolution). However, canopies of dry woodlands and
bushlands did not differ particularly over large distances, thus plot
sizes were smaller.

107

The resulting binary images were analysed using the canopy analysis software CAN-EYE V6 (Weiss & Baret, 2010: http://www.paca.
inra.fr/can_eye) limiting the ﬁeld of view of the lens to values between 0 and 60° to avoid mixed pixels and thus misclassiﬁcations.
CAN-EYE estimates mean effective LAI (LAIEFF) for each plot assuming
spatially random distribution of foliage elements based on a series of
(at least 9) images from measured gap fraction (Weiss & Baret, 2010).
LAIEFF is derived by inversion of the Poisson model using look-up tables and assuming an ellipsoidal distribution of leaf inclination
(Weiss et al., 2000). A clumping index is computed using the Lang
and Yueqin (1986) logarithm gap fraction averaging method and
used in the modiﬁed Poisson model, which is then inverted to estimate LAITRUE, the LAI taking into account canopy clumping. Note
that estimated LAITRUE does include materials such as stems, trunks,
branches, twigs and plant reproductive parts and may more accurately be called plant area index (Breda, 2003). Privette et al. (2002) report that LAI may be derived from plant area index by subtracting a
so-called stem-area index (American biomes: 0.3 to 0.4). Note though
that during the growing season of deciduous vegetation or in evergreen forest, the total vegetation surface itself is mainly composed
of leaf area, and by a lesser part of twigs, branches and stem surface
(Gonsamo, 2009). Fournier et al. (1996) also suggested that branches
and boles contributed to total LAI by less than 5% in three relatively
dense stands of conifers.

2.4. Hemispherical image processing
2.5. Modelling relationships between LAI and spectral vegetation indices
After downloading from the camera system, each image was preprocessed (Fig. 3). The pixel brightness values for the blue band were
extracted from each RGB image to achieve maximum contrast between
leaf and sky, because absorption of leafy materials is maximal and sky
scattering tends to be highest in that band (Jacquemoud & Baret,
1990; Jonckheere et al., 2005b). Certain sky conditions can complicate
classiﬁcation of image pixels into vegetation and non-vegetation, e.g.
sunﬂecks and dark clouds. Ways of establishing thresholds have been
developed in order to avoid subjective decisions by the user and to
identify the optimal brightness threshold to distinguish vegetation
from sky (Jonckheere et al., 2005b). We used the most commonly applied global Ridler & Calvard method for establishing the threshold in
each image (Ridler & Calvard, 1978), because of reliable results in hemispherical photography studies (Gonsamo & Pellikka, 2008; Jonckheere
et al., 2005a). Blue band extraction and threshold calculation followed
an in-house developed C-shell script (Remote Sensing Unit, University
College London).

Satellite measurements for individual plots were derived from Landsat Enhanced Thematic Mapper (ETM+) and Système Probatoire d'Observation de la Terre (SPOT) 4/5 images (level 2a). The ETM+ data was
Level 1 terrain corrected images (L1T, resolution = 30 m) obtained from
the US Geological Survey's Earth Resources Observation and Science
(EROS). The L1T ETM+ products provide systematic radiometric and
geometric accuracy by incorporating ground control points while
employing a digital elevation model for topographic accuracy. SPOT images were provided by European Space Agency and SPOT IMAGE S.A.,
France. We selected cloud free satellite images that were nearly or
completely free from haze. SPOT images were geo-referenced using
ground-control points. We chose ETM+ over SPOT if both were available for the same site because of the higher geolocation accuracy of
ETM+ data (see S1 in Supporting information). ENVI image analysis
software (ITT Visual Information Solutions) was used for image processing and reﬂectance data extraction.

Fig. 3. Plot-based sampling design and image processing for derivation of vegetation structure traits. Left side: Distribution of 12 sampling points within a plot following VALERI
design for Elementary Sampling Units (Garrigues et al., 2002). One hemispherical image was taken at each sampling point. Right side: Each image was pre-processed to derive
LAI and Fcover estimates. Thresholds were computed according to Ridler and Calvard (1978) (for details see text). Image pixels were classiﬁed into vegetation and nonvegetation pixels. CAN-EYE requires ≥ 8 images per plot for estimation of gap fraction, which is related to contact frequency by a Poisson distribution model and non-linearly related
to LAI (Nilson, 1971). CAN-EYE settings: 2.5° zenith angular resolution, 2.5° azimuth angular resolution, 60° circle of interest, 0–10° integration domain for Fcover.
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Atmospheric correction was carried out to estimate at-surface reﬂectance accounting for atmospheric effects (e.g. water vapour and
aerosol impacts) employing the ENVI module FLAASH. Satellite images
were subjected to radiometric calibration using band-speciﬁc gain and
offset values (extracted from the metadata ﬁle accompanying each
image) to produce radiance band-interleaved-by-line images. A scale
factor was applied to ensure radiance data used as input for FLAASH
were in units of μW/(cm2 nm sr). After entering information on sensor
and scene (e.g. ground elevation of scene, ﬂight date and times), we set
the MODTRAN model atmosphere to ‘tropical’, the MODTRAN aerosol
model to ‘tropospheric’ and initial visibility to ‘clear (40 to 100 km)’.
We extracted information of satellite reﬂectance pixels closest to
the individual plots. In addition to the geolocation of satellite pixels
to the ground plot GPS measurements, each plot was also individually
referenced on the satellite image via visual inspection to ensure its location within the biome was correct. While this is true for all natural
vegetation type plots (forests, woodlands, bushlands), this may not
apply for croplands and forest plantations, which were generally
small in size and thus more difﬁcult to locate exactly. In the latter
case, we relied on geo-locating the ground plot GPS measurements
to the corresponding satellite pixels.
In the ﬁrst approach, hereafter referred to as ‘one-month’ approach, we only used plots for which satellite reﬂectance measurements could be obtained within a month – before or after – the date
of ground measurements assuming that vegetation cover did not
change within that period. This was done because LAI varies with season, especially in deciduous woodlands and bushland, and changes
more drastically in croplands and plantations due to harvesting.
Given the frequency of ETM+ and SPOT image acquisition, it was
found to be difﬁcult to ﬁnd cloud free images which coincided exactly
to the ground measurement period for the entire ground measurement coverage. Therefore, in a second approach, hereafter referred
to as ‘six-month’ approach, we evaluated the use of reﬂectance data
obtained within six months of ground-based measurements thereby
increasing plot coverage (see S2). Plots not covered with both approaches were excluded from further analysis.
While the normalised difference vegetation index (NDVI) is the predominantly used VI in ecological studies (Pettorelli et al., 2011), alternatives have been proposed to account for problems encountered when
using simple near infrared (NIR)-red ratio. For example, the modiﬁed
soil adjusted vegetation index (MSAVI2: Qi et al., 1994) has been developed to reduce soil noise whereas a series of ‘enhanced’ vegetation indices (EVI and EVI 2; Jiang et al., 2008) have been developed to reduce
impacts of aerosol contamination on reﬂectances measured by the sensor. EVI has also been shown to be more sensitive to green leaf area
index in crop ﬁelds and less prone to saturation in temperate and tropical forests compared to NDVI (Jiang et al., 2008).
We computed and used three VIs from at-surface reﬂectances in the
red (SPOT: band2–0.61 to 0.68 μm, ETM+: band 3–0.631 to 0.692 μm)
and near-infrared bands (SPOT: band 3–0.79 to 0.89 μm, ETM+: band
4–0.772 to 0.898 μm).
NDVI ¼ ðNIR−REDÞ=ðNIR þ REDÞ;

ð1Þ

EVI2 ¼ ðG  ðNIR−REDÞÞ=ðNIR þ C  RED þ 1Þ;

ð2Þ

MSAVI2 ¼



1=2 
2
ð2  NIR þ 1Þ− ð2  NIR þ 1Þ −8  ðNIR−REDÞ
=2
ð3Þ

NIR, RED reﬂectances measured in the near-infrared and red part of
the spectrum
G
gain factor G (here set as = 2.5)
C
coefﬁcient of the aerosol resistance term (here set as = 2.4).

2.6. Statistical and sensitivity analysis
All statistical analyses were carried out using the R 2.11.1 statistical
software package. LAI and vegetation cover fraction (Fcover) were estimated for each plot. We calculated mean stand-speciﬁc estimates of
LAITRUE, LAIEFF and Fcover if more than one plot was sampled per stand
(Tables 1 and 2). We computed mean biome speciﬁc LAI and Fcover
(±1 standard deviation) from plot values, distinguishing between tropical forests (mountain, lowland and coastal), deciduous woodlands,
bushland, croplands and tree plantations. We used ANOVA with
multi-comparison post-hoc Tukey HSD tests to determine signiﬁcant
differences between group means, with regard to LAI. Analyses were
carried out i) using LAI estimates derived from Camera System 3
(south and coastal Tanzania), and ii) including plots from Taita Hills
and Kasigau measured with Camera Systems 1 and 2. We compared
LAI estimates derived from hemispherical photography with LAI estimates derived using the SunScan instrument.
Plot co-ordinates and mean altitude above sea level were measured
on the ground using a GARMIN GPSMAP 60 CSX handheld Global Positioning System device. For plots without elevation information, we used
the ASTER global digital elevation model at 30 m spatial resolution
(https://wist.echo.nasa.gov/~wist/api/imswelcome/) to derive plot altitude. Mean annual precipitation (MAP) for each plot was extracted
from the WORLDCLIM dataset, which provides long-term climatic averages for precipitation compiled from weather station data between
1960 and 1990 at 1 km grid resolution (Hijmans et al., 2005).
We tested for signiﬁcant relationships between MAP and vegetation
canopy traits using linear models assuming increasing LAI with increasing MAP due to long-term adaption of biomes to their environment (e.g.
expecting productivity to be precipitation-constrained). We classiﬁed
MAP into six classes (≤400 mm, 400–699 mm, 700–999 mm,
1000–1299 mm, 1300–1699 mm and≥ 1700 mm) and altitude into six
classes
(0–199 m,
200–599 m,
600–999 m,
1000–1399 m,
1400–1799 m and≥1800 m above sea level). We tested for signiﬁcant
differences between forests at different classes of altitude and precipitation regarding LAITRUE using ANOVA (6× 6 factorial design) with posthoc Tukey HSD tests.
We computed linear and non-linear regression models with VIs as
predictor variables and LAI as the dependent variable. Model selection
was based on best-ﬁt using the ‘goodness-of-ﬁt’ of the line (R2). We included MAP as an additional predictor variable in regression models to
test whether this would signiﬁcantly improve the capacity of the model
to explain the variability of measured LAI (tested using ANOVA).
3. Results
3.1. LAI across biomes in the Eastern Arc Mountains and their catchments
Tropical forests had signiﬁcantly higher LAI values compared to
other biomes (ANOVA: p b 0.001; Fig. 4, Table 3). Differences in LAI between woodlands, bushlands, croplands and forest plantations were
mostly not signiﬁcant, although LAITRUE was signiﬁcantly lower in bushland compared to LAITRUE of cropland and forest plantations (Table 4).
LAI of tropical forests in South Kenya (Taita Hills and Kasigau forests:
mean LAITRUE = 2.14), which show higher degree of disturbance, was
signiﬁcantly lower than LAI measured in tropical forests of Tanzania
(mean LAITRUE = 3.79) (Wilcox test: p b 0.001). When including plots
from South Kenya in inter-comparisons of LAI between biomes, LAI of
forests was signiﬁcantly higher compared to bushlands (p b 0.001),
plantations (p b 0.05) and woodlands (p b 0.05) but did not differ significantly from LAI measured in croplands.
LAISUN increased with LAITRUE across plots in natural woody vegetation and most plots in cropland and plantations (Fig. 5). LAITRUE followed a sigmoidal curve in response to LAISUN plateauing around
LAISUN ≥ 5. This implies that higher LAI, expected in dense forest stands,
seems to be better captured by the SunScan instrument (Fig. 4).
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Fig. 4. LAI estimates for natural vegetation types, tree plantations and croplands in Tanzania and Kenya (excluding biomes measured in Taita Hills and Kasigau). Left hand panel:
LAITRUE estimated using hemispherical photography. Right hand panel: LAI estimated using SunScan instrument. The bottom and the top of each box represent 25th and 75th percentile, while the band in the box represents the 50th percentile (the median) and the whiskers show the 1.5 × inter-quartile range of the values. Forest — Mountain, coastal and
lowland forests; Wood — Tropical deciduous woodlands (Miombo); Bush — Tropical bushlands; Crop — Agricultural crops; Plantations — Tree plantations of different species.

Table 3
Summary of LAI estimates for sampled Eastern Arc mountain biomes in Tanzania and Kenya. LAITRUE and Fcover (fraction of vegetation cover) estimated from hemispherical images,
respectively. LAISUN calculated from SunScan (Delta-T Devices Ltd.) measurements. Latitude, Longitude — Geographic coordinates of sites (WGS 84).

Forests

Mountain

Lowland

Woodland
Bushland
Cultivated

Ukuguru
SUA
SUA
Ukuguru
Crops

Plantation

Biome

Latitude

Longitude

LAITRUE

LAISUN

Fcover

Arusha NP
Kasigau
Taita Hills
Udzungwa
Magombera
River forest
Ukuguru
Mbudya
− 6.9
− 6.7
− 6.7
− 6.9
Banana
Corn
Mbaazi
Rice
Sisal
Sugarcane
Eucalyptus
Kigeria
Lucia
Mango
Palm
Pine

− 3.3
− 3.8/− 3.9
− 3.4/− 3.5
− 7.8
− 7.8
− 4.4
− 7.0
− 6.7
37.7
37.9
37.9
37.7
− 6.9/− 7.0
Varies
− 6.8
− 7.9
− 4.4
− 7.9
− 6.8
− 7.9
− 6.8
− 6.8
Varies
− 3.4

36.9
38.6/38.7
38.3
36.9
37.0
37.8
37.8
39.2
1.7 ± 0.9
1.2 ± 0.5
0.4 ± 0.1
0.52
39.4
Varies
37.8
37.0
37.8
37.0
37.8
37.0
37.8
37.8
Varies
38.3

–
2.1 ± 0.6
2.3 ± 0.5
3.8 ± 0.4
3.5 ± 0.3
–
4.4 ± 0.4
3.0
0.4
1.2 ± 1.1
0.2 ± 0.1
0.95
2.3 ± 1.5
1.4 ± 1.0
0.6
2.4
–
2.0
1.5
1.7
2.2
1.88
1.3 ± 1.1
1.3

4.3
–
–
7.0 ± 0.9
5.9 ± 1.0
5.0
–
–
33.3 ± 13.5
30.5 ± 11.8
3.9 ± 2.6
11.7
0.6
0.8 ± 1.1
0.2
3.9
0.3
1.9
2.3
2.0
2.0
2.4
0.5
–

–
54.8 ± 18.6
53.6 ± 12.4
77.6 ± 5.9
80.5 ± 8.0
–
74.1 ± 2.8
63.1

3.2. LAI in relationship to precipitation and altitude
LAITRUE signiﬁcantly increased with increasing MAP for woody biomes (R2adj =0.39, p b 0.001) (Fig. 6). Predictive quality of the LAI–MAP
model increased when solely focussing on plots measured in Tanzania
(R2adj =0.87, pb 0.001). Including cultivated land (croplands, plantations) decreased model ﬁts. Although, that model ﬁtted better when
solely using the forest measurements in Tanzania (R2adj =0.62,
p b 0.001) compared to including South Kenya forests (Fig. 6).
Forests in Tanzania (higher LAI) were located at signiﬁcantly lower
altitudes (414±265 m asl) compared to forests in Kenya (lower LAI).
Within Kenyan plots, forests in Kasigau (1087± 263 m asl) were found
at signiﬁcantly lower altitudes compared to forest plots in Taita Hills
(1696 ±145 m asl), but, LAITRUE did not differ signiﬁcantly between
them. However, ANOVA showed that altitude and precipitation contribute signiﬁcantly to LAI variability among forests. Looking at both factors
separately, forests with higher precipitation (1300–1699 mm,
>1700 mm) had signiﬁcantly higher LAITRUE compared to all other

31.2 ± 21.0
7.9 ± 7.8
6.9
38.4
–
31.2
32.8
79
55
15.8
23.8 ± 20.8
40.1

forests (Fig. 6B). Forests located 200 to 599 m asl had signiﬁcantly higher
LAI values compared to all other plots (Fig. 6C). However, effects of altitude on LAI remain to be evaluated in further studies. Tanzanian
Table 4
Tukey'd HSD tests p-values for posthoc mean comparisons among biomes regarding
LAISUNS, LAITRUE and LAIEFF. LAISUNS — Plots measured with SunScan in 2010. LAITRUE
and LAIEFF — Plots with true and effective LAI estimates derived using hemispherical
photography (excluding plots in Kasigau and Taita Hills). Only signiﬁcant and marginally signiﬁcant results (p b 0.05 and p b 0.10) are shown. NS — not signiﬁcant.
Paired biomes

LAISUNS

LAITRUE

LAIEFF

Evergreen forests b> Woodland
Evergreen forests b> Bushland
Evergreen forests b> Cropland
Evergreen forests ~ b>Plantation
Savannah
Cropland b> Bushland
Plantation b> Bush
Woodland b> Bush

0.000
0.000
0.000
0.000

0.000
0.000
0.000
0.000

0.000
0.000
0.000
0.000

NS
0.098
NS

0.018
0.048
NS

0.080
0.087
0.071
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Fig. 5. LAITRUE estimated from hemispherical photography versus LAISUN measured using the SunScan instrument (Delta-T Devices Ltd., Cambridge). Based on LAISUN measurements
in P063 and P065 and P085, we would have expected them to have lower LAITRUE values. P085 is a banana plantation, P063 is a palm plantation (with scattered banana plants) and
P065 is a corn ﬁeld. One possible explanation may be that images for both palm stands include considerable amounts of trunk into calculations of leaf area index; large brown leaves
of relatively dense standing corn plants may artiﬁcially increase LAI measured by hemispherical photography in the corn ﬁeld.

bushlands and woodlands showed lower LAITRUE compared to Kenyan
forests despite being located in higher precipitation environments. On
the other hand, Kenyan forests were found at much higher altitudes
compared to bushlands and woodlands (Table 1).
3.3. Relationships between LAI–Spectral indices
Models using satellite reﬂectances collected within one month of
ground based measurements were based solely on ETM+ data (see S1).
LAI showed a highly signiﬁcant relationship with all three VIs (Table 5).
LAITRUE followed an exponential curve in response to EVI 2 when

excluding South Kenya plots, but the LAITRUE–EVI 2 relationship was linear
when including these forests (Fig. 7). LAITRUE showed signiﬁcant linear relationships with NDVI and MSAVI2 (Table 5; see also S3 for LAI map derived from NDVI measurements).
Model ﬁts decreased considerably when using the ‘six-month’ approach (with South Kenya plots: R2 =0.30, linear model: LAI=0.62+
EVI 2 1.11, N=64; without South Kenya plots: R2 =0.48, linear model:
LAI=0.08+EVI 2 1.61, N=36) (see S4 in Supporting information).
When solely using natural woody biomes in this ‘six-month’ approach,
model ﬁts where similar to the ‘one-month’ approach (with South
Kenya forests: R2 =0.40, linear model: LAI=−0.12+EVI 2 1.54,

Fig. 6. True LAI as function of environmental parameters. A) LAI increased signiﬁcantly with increasing long-term mean annual precipitation (MAP). Two linear models were calculated. Black line — LAITRUE of natural woody biomes versus MAP excluding South Kenya forests (R2adj = 0.87, slope = 0.0052, p b 0.001). Grey line: LAITRUE of natural woody biomes
versus MAP including South Kenya forests (R2adj = 0.39, slope = 0.0024, p b 0.001). B) LAI of forests varied signiﬁcantly with precipitation (ANOVA), being signiﬁcantly higher in
high precipitation environments (classes 5 and 6) compared to moderate and low precipitation environments (classes 1 to 4). C) LAI of forests was signiﬁcantly higher at low altitudes (class 2: 200–599 m asl) compared to very low and high altitudes.
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Table 5
Summary of regression models for LAI versus spectral vegetation indices derived using
spectral reﬂectances collected within one month of ground measurements. Grey: including all plots. Black: excluding plots in Kasigau and Taita Hills. LAITRUE — estimates
of true LAI derived from hemispherical image analyses. LAISUN — estimates of LAI derived using the Sunscan-Delta-T device.

LAITRUE ~ EVI 2
LAISUN ~ EVI 2
Savannah
LAITRUE ~ NDVI
LAISUN ~ NDVI
LAITRUE ~ MSAVI2
LAISUN ~ MSAVI2

Type

Model

R2

P

N

Linear
Exponential
Exponential

LAI = − 0.08 + EVI 2 1.52
LAI = EVI 2 ^ (1.837 ± 0.064)
LAI = EVI 2 ^ (2.534 ± 0.077)

0.45
0.80
0.87

***
***
***

52
28
24

Linear
Linear
Linear
Linear
Linear
Linear

LAI = − 0.85 + NDVI 4.35
LAI = − 2.49 + NDVI 6.91
LAI = − 4.88 + NDVI 11.66
LAI = 2.55 + MSAVI2 5.86
LAI = − 5.28 + MSAVI2 9.42
LAI = − 8.04 + MSAVI2 14.00

0.45
0.78
0.71
0.43
0.76
0.62

***
***
***
***
***
***

52
28
24
52
28
24

Table 6
Summary of regression models for LAITRUE as a function of spectral vegetation indices
and mean annual precipitation (MAP) derived from WORLDCLIM datasets. Grey: including all plots. Black: excluding plots in Kasigau and Taita Hills. LAITRUE — estimates
of true LAI derived from hemispherical image analyses.

LAITRUE ~ EVI 2
LAITRUE ~ NDVI
LAITRUE ~ MSAVI2

N=50; excluding South Kenya forests: R2 =0.80, exponential model:
LAI=EVI 2^(1.841±0.064), N=23).
Implementing long-term mean annual precipitation as second
predictor variable into the VI–LAI models (‘one-month’ approach)
signiﬁcantly improved model predictive capability especially when
covering plots from both, Tanzania and Kenya (Table 6).
4. Discussion
4.1. Leaf area index across biomes in the Eastern Arc Mountains and
catchment areas
Many ecosystem process models require an estimate of LAI and its
response to environmental drivers such as light and precipitation
(Borchers et al., 1995; Ryan et al., 1996). Mean LAI values of forests
in the Eastern Arc Mountains and their catchment areas are similar
to LAI estimates given for other forests in East Africa (Ribeiro,
Saatchi, et al., 2008; Ribeiro, Shugart, et al., 2008) and worldwide
(Asner et al., 2003). LAI decreased from forests to woodlands and
bushlands, in line with Asner et al.'s (2003) and ﬁndings. However,
differences among non-forest woody biomes are not or only marginally signiﬁcant. The lesser discrepancy of LAI in non-forest woody biomes may probably be explained by varying degrees of disturbances
(e.g. ﬁre related, or human resource use) and management
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Model

R2

P

LAI = − 0.97 + 1.195 EVI 2 + 0.001 MAP
MAP not signiﬁcant parameter
LAI = − 1.70 + 3.436 NDVI + 0.001 MAP
LAI = − 3.20 + 4.910 NDVI + 0.002 MAP
LAI = − 3.18 + 4.630 MSAVI2 + 0.001 MAP
LAI = − 5.20 + 6.265 MSAVI2 + 0.002 MAP

0.51
–
0.52
0.81
0.53
0.80

***
–
***
***
***
***

differences causing a transient nature of boundaries between them
(Bond et al., 2005).
Spatial variation in vegetation canopy structure in East Africa is
shaped by complex interactions between environmental parameters, including precipitation (Bucini & Hanan, 2007), land use (e.g. pole-cutting,
charcoal production; Chidumayo & Kwibisa, 2003) and ﬁre (Ribeiro,
Shugart, et al., 2008; Archibald et al., 2010). Observed lower LAI values
of the more disturbed forests in Taita Hills (southern Kenya) compared
to Tanzania are possible evidence of the negative impacts of forest degradation on ecosystem function (Nepstad et al., 2008). Topography at
Kasigau Mountain (bare rock and steep slopes are frequent) may contribute to lower LAI observed in forests located there.
There are confounding factors rooted in technical limitations. Complex vegetation patterns where dense vegetation alternates periodically
with sparsely populated or bare soil can cause unpredictable errors in the
quantiﬁcation of biophysical properties of the vegetation (Hufkens et al.,
2008). For example large, high-biomass Adansonia digitata trees are scattered throughout otherwise low-biomass bushland, thereby locally increasing LAI and introducing bias in biome-speciﬁc LAI estimates.
Including measures of vegetation cover composition and vegetation coverage could reduce these errors for systematic assessments of mean LAI
values per biome.
LAI of croplands and forest plantations is comparable to LAI of woodlands and bushlands, which may relate to their predominance in similar
precipitation environments. However, LAI is very variable among crops
and forest plantations, which may probably be attributed to crop type,
plantation forest age, crop management and local growth conditions especially with regard to water supply (Amiri & Asil, 2007; Lindquist et al.,

Fig. 7. LAITRUE and LAISUN versus modiﬁed Enhanced Vegetation Index (EVI 2) with linear and power models ﬁtted. Left side: LAITRUE ~ EVI 2. Grey line: including all plots (R2 = 0.45,
linear model: LAI = − 0.08 + EVI 2 1.52, N = 52). Black dotted line: excluding South Kenya forest plots (R2 = 0.80, power model: LAI = EVI 2 ^ (1.837 ± 0.064), N = 28). Right side:
LAISUN ~ EVI 2 with ﬁtted power model (R2 = 0.87, LAI = EVI 2 ^ (2.534 ± 0.075), N = 24). TZ — Tanzania.

Author's personal copy
112

M. Pfeifer et al. / Remote Sensing of Environment 118 (2012) 103–115

2005; Palmer et al., 2005; Whitehead & Beadle, 2004), while effects of
crop maturity may be less important in this study since most crops measured are mature stands (Table 1). However, it is important to note that
sample number was very low in most crop stands; to derive more generalising conclusions regarding LAI variability in crop stands would require measurements in additional plots accounting for different water
supply and management.
Note that LAI seasonality is not directly relevant in this study, because all Tanzanian LAITRUE estimates were derived for the dry season
in July 2010 and are thus directly comparable. However, LAI seasonality
is an important factor for assessing intra-annual LAI and biomass ﬂuctuations (van Scheik et al., 1993; Borchert et al., 2002; Myneni et al., 2007;
Kalácska et al., 2005). In situ LAI measurements could be carried out
during dry and wet seasons to develop season-speciﬁc LAI–VI models
(Malhado et al., 2009; Wasseige et al., 2003), as is currently done by a
new research project (WWF Tanzania REDD+).
Aragão et al. (2005) showed how precision of LAI estimates for
Eastern Amazon landscape units could be increased by including landscape variables such as land cover, land use and terrain features.
While our dataset is limited regarding coverage of different forest altitudes, our results may indicate that forests at lower altitudes have
higher LAI than forests in mid- to high-altitudinal ranges. LAI increases
with increasing MAP in our study area. It would be worthwhile to consistently measure LAI of woody biomes along an altitudinal gradient of
high mountains in East Africa to test for an expected hump-shaped response curve, with LAI being precipitation limited at very low altitudes,
and temperature limited at very high altitudes.

4.2. Leaf area index–VI relationships across East Africa
Despite the complexity of canopy structure changes across large
spatial scales, our results indicate that SPOT and ETM + derived VI
in combination with information about the long-term MAP may be
a suitable tool to develop landscape maps of LAI in Eastern Africa.
Empirical relationships between spectral VIs and LAI lack a physical
basis. However, all three indices used here correlated signiﬁcantly
with LAI, and models differed only slightly in their predictive quality.
The two-band EVI 2 outperformed NDVI and MSAVI2 in producing highly signiﬁcant models of LAI–VI relationships. However, this was only
when solely focussing on plots measured in Tanzania in 2010 using
the SunScan instrument. Note that the number of plots sampled with
the SunScan instrument has been low. This will be addressed in future
studies.
Model ﬁt decreased when measuring across larger distances compared to models developed speciﬁcally for Tanzania. This large-scale
spatial variation in model capabilities will introduce errors in VI
based LAI maps for Eastern Africa. Asner et al. (2010) found signiﬁcant variation of standing carbon stock and forest structure in Amazon forests across 4.3 million ha mediated by geological substrate,
forest type and soil water content as well anthropogenic disturbances. In our study, including MAP as additional predictor variable
improved model ﬁt by nearly 10%, resulting in models that could explain more than 50% of the variation in LAI across Eastern Africa.
Whether this accuracy is sufﬁcient will probably depend on the questions of subsequent analyses. Disturbance frequency and species
identity may be key players, which when included in such models,
may further increase the models' predictive capabilities. This would
require measuring LAI in additional plots, set up within a stratiﬁed
random sampling design characterised by combinations of various
levels of potential drivers of canopy structure within man-made and
natural biomes.
Results from the ‘six-month’ approach underline the importance
of accounting for LAI seasonality when developing VI-based LAI
maps, especially when working on cultivated lands and in woody biomes with strong, climate-induced seasonal patterns.

4.3. Implications and challenges
Increasing land demands in the Eastern Arc Mountains and their
catchment areas are threatening not only biodiversity, but also ecosystem
processes and services usually associated with these forests, including
carbon sequestration, soil protection, and catchment hydrology
(Burgess et al., 2007; Burgess et al., 2010). Predicting changes in these
services in relation to land use, e.g. by employing ecosystem process
models, is the base for developing sustainable, disturbance mitigating
management plans (Raupach et al., 2005; Rumpff et al., 2011). Constraining models with LAI estimates measured on the ground, as done in this
study, could be important to derive more ‘realistic’ model predictions,
which could then be linked to environmental and economic predictions.
Reducing uncertainties in model predictions requires data at sufﬁcient
spatial resolution (e.g. capturing patterns in fragmented and heterogeneous landscapes when working at regional scales) to constrain models
(Chiesi et al., 2002). Upscaling ecological trait information from plot to
landscape scale employing VIs can be improved using precipitation and,
perhaps, topography. However, terrain topography (especially the degree
of slope) can also affect LAI estimation on the ground due to technical caveats (Gonsamo & Pellikka, 2008, 2009). And, the relative importance of
contributing environmental factors to LAI variability varies spatially. Differences in tree density, structure and leaf optical properties between
more or less evergreen forests and strictly deciduous woodlands may affect biome-speciﬁc LAI–VI relationships (Clark et al, 2008; Geiger et al.,
2011; Kalácska et al., 2004; Lewis & Disney, 2007). Including biome seasonality may improve model capabilities for up-scaling LAI across large
areas (Pinto-Junior et al., 2011).
Hemispherical image analysis accounts for the discontinuous nature
of many canopy stands by introducing a vegetation clumping index into
the LAI estimation (Chen et al., 1997; Nilson, 1971). However, reﬂectance saturation at high LAI is a remaining challenge when using optical
methods to estimate LAI (Myneni et al., 2007). Likewise, VIs are limited
in their ability to capture LAI variation in high LAI vegetation, because
the sensitivity of VIs to changes in canopy amount saturates asymptotically with increasing LAI up to values of 2–5 (Haboudane et al., 2004).
The SunScan instrument appears to be able to detect LAI variation above
the threshold of LAI = 5, although comparison with destructive measurements in the ﬁeld would be required to support that conclusion.
Both indirect approaches are likely to underestimate leaf area in highly
productive environments. Variability in the three-dimensional distribution of LAI within canopies of old-growth rain forests may complicate
LAI estimation on landscape scales (Clark et al., 2008).
Most Earth Observation (EO) derived global LAI products employ
the inversion of radiative transfer models that simulate surface reﬂectances from canopy structure, soil and leaf optical properties to estimate
LAI (Myneni et al., 1997; Weiss et al., 2000; reviewed in Pfeifer et al., in
press). While such models are physically-based, the radiative transfer
model approach can introduce uncertainties as different combinations
of model parameters may correspond to almost identical spectra
(Gonsamo, 2009). One next step from our analysis could be to generate
regional LAI maps using our upscaling functions and to use those maps
to validate global LAI products available at coarse spatial resolution
(Chen et al., 2002). While these products have great potential for ecosystem studies on macro-ecological scales, they may be more uncertain
for most tropical forests of Africa compared to northern latitudes, due to
a lack of African grounds plots in validation networks such as VALERI,
EOS validation core sites, FLUXNET, BELIMANIP, and CEOS-LPV (Baret
et al., 2006; Friend et al., 2007; Garrigues et al., 2008). This study provides needed ground measurements for validation of global LAI products in Eastern Arc Mountain biomes.
5. Conclusions
Understanding biome–LAI relationships and their variation across
landscape scales is essential for improving ecosystem process models.
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This is particularly true in East Africa, an under-represented region in
global estimates of LAI. Here, we present measurements of LAI made
across a number of key East African biomes including forests (LAITRUE
across all forest plots: 2.40 ± 0.85; mean± sd), Miombo woodlands
(1.40 ± 0.71), bushland (0.42 ± 0.14) and crops (across crop categories:
1.71 ± 0.70 with a low number of samples per crop type), across a precipitation gradient. We relate ﬁeld-measured LAI to satellite-derived
vegetation indices, with associated uncertainty estimates, potentially
allowing upscaling of spatially continuous data on vegetation structure
to the regional level. Across all sites, evergreen forests are the biome with
the highest LAI. However, the vegetation canopy structure of other woody
biomes, including dry deciduous woodlands, savannahs and bushlands, is
more transient. Precipitation may be a dominant driver of LAI variation
within biomes. MAP was shown to explain 39% (or when excluding disturbed Kenya forests from the model 87%) of the increase of LAI across
woody biomes. However, factors such as altitude and disturbance (e.g.
in forests) may contribute further to LAI variation within biomes.
Including heterogeneity in landscape-scale drivers of canopy structure into LAI–VI models, e.g. as tested for precipitation, may be able to
produce usable landscape maps of LAI, required in the context of current carbon mitigation activities in Tanzania. However, further studies
are needed to disentangle the relative impact of abiotic and biotic factors on woody vegetation traits, which would require long-term monitoring to account for inter-seasonal and inter-annual ﬂuctuations and
experimental studies. This study provides invaluable ground measurements of LAI for global product validations and inputs for biome speciﬁc
LAI values for ecosystem process models.
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