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Clumping index (CI) describes the spatial distribution pattern of foliage, and is a critical parameter to characterize
the terrestrial ecosystem and model land-surface processes. Global and regional scale CI maps have been gener-
ated from POLDER, MODIS, and MISR sensors based on an empirical relationship with the normalized difference
between hotspot and darkspot (NDHD) index by previous studies. However, the hotspot, darkspot, and CI values
can be considerably different from different bidirectional reflectance distribution function (BRDF) models and
solar zenith angles (SZA). In this study, we evaluated the effects of different configurations of BRDF models
and SZA values on CI estimation using theNDHDmethod. CImaps derived fromMISR andMODISwere compared
with reference data at the VALERI sites. Results show that for moderate to least clumped vegetation (CI N 0.5), CI
values retrievedwith the observational SZA agreewellwith fieldmeasurements, while SZA=0° underestimates,
and SZA = 60° overestimates. For highly clumped (CI b 0.5) and sparsely vegetated areas (FCOVER b25%), the
Ross-Li model with 60° SZA is recommended for CI estimation. The best NDHD configuration was used to esti-
mate a 15-year time series CI fromMODIS BRDF data. The time series CI shows a reasonable seasonal trajectory,
and varies consistentlywith theMODIS leaf area index (LAI). This study enables better usage of the NDHDmeth-
od for CI estimation, and can be a useful reference for research on CI validation.

© 2016 Elsevier Inc. All rights reserved.
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1. Introduction

Clumping index (CI) indicates the spatial distribution pattern of fo-
liage (Chen and Black, 1992; Nilson, 1971). If leaves are completely ran-
domly distributed, the CI is unity.Most vegetation leaves show clumped
spatial distribution, i.e., a CI less than unity, and regularly distributed fo-
liage result in a CI greater than unity. CI affects the distribution and in-
terception of solar radiation (Chen et al., 2005; Chen et al., 2003) and
significantly influences the distribution of foliar nutrients and canopy
evapotranspiration (ET) (Thomas et al., 2011). The gross primary pro-
ductivity (GPP) would be underestimated by 9% if the effective leaf
area index (LAI) is used without taking CI into consideration (Chen et
al., 2012), and both ground and satellite ET would be substantially
underestimated if CI is not considered (Chen et al., 2016).

Remote sensing provides unique opportunities for CI mapping. CI
can be estimated through its empirical relationshipwith the normalized
difference between hotspot and darkspot (NDHD) (Chen et al., 2005;
Leblanc et al., 2005b):

CI ¼ A θsð Þ � NDHDþ B θsð Þ ð1Þ
om (S. Wei).
where NDHD characterizes the surface anisotropic features, θsis the
solar zenith angle (SZA), A and B are the regression coefficients. NDHD
is defined as follows:

NDHD ¼ ρh−ρd

ρh þ ρd
ð2Þ

where ρh and ρd denote the reflectance at the hotspot and darkspot, re-
spectively. The hotspot corresponds to the backscatter peak when the
solar radiation and view directions coincide, and theminimum shadow
region exists. The darkspot exists in the direction opposite to that of the
hotspot, where the maximum shadow area can be seen with the mini-
mum reflectance.

The reflectances in the hotspot and darkspot for NDHD are usually
calculated from various bidirectional reflectance distribution function
(BRDF)models anddifferent solar zenith angles,withwhich several sat-
ellite CI products have been derived. The POLDER CI (6 km) is estimated
globally using theNDHDmethodwith the hotspot derived fromamodel
built upon near-hotspot observations (Chen and Cihlar, 1997; Chen et
al., 2005; Leblanc et al., 2005b). The MODIS CI (500 m) is estimated
from the NDHD derived from the RossThick-LiSparse-Reciprocal
(Ross-Li) model (Wanner et al., 1995; Wanner et al., 1997) using
SZA = 0° (He et al., 2012). The hotspot in the NDHD was corrected

http://crossmark.crossref.org/dialog/?doi=10.1016/j.rse.2016.10.039&domain=pdf
http://dx.doi.org/10.1016/j.rse.2016.10.039
mailto:weiss@lreis.ac.cn, weiss526@gmail.com
mailto:weiss526@gmail.com
Journal logo
http://dx.doi.org/10.1016/j.rse.2016.10.039
http://www.sciencedirect.com/science/journal/00344257
www.elsevier.com/locate/rse


477S. Wei, H. Fang / Remote Sensing of Environment 187 (2016) 476–491
through an empirical relationship between the Ross-Li derived MODIS
hotspot and the POLDER hotspot (He et al., 2012). The finest MISR CI
(275 m) is estimated using the NDHD derived from the RPV model
with four parameters (RPV-4p) (Rahman et al., 1993a; Rahman et al.,
1993b), using SZA = 60° for the hotspot and darkspot estimation
(Pisek et al., 2015; Pisek et al., 2013). Details regarding the Ross-Li and
RPV models are provided in the Appendix A.

There are several issues in current CI estimation methods. First, be-
cause all the above CI products are derived on the basis of the NDHD–
CI relationship, the CI product accuracy is directly influenced by the ac-
curacy of the hotspot and darkspot (Eqs. (1) and (2)). However, the
hotspot and darkspot values estimated from different BRDF models
may be considerably different (Maignan et al., 2004). Second, the CI ac-
curacy is affected by the SZA value through the NDHD estimation and
the coefficients in Eq. (1). Currently, different SZA values were also
used in POLDER, MODIS, and MISR CI products (Chen et al., 2005; He
et al., 2012; Leblanc et al., 2005b; Pisek et al., 2015; Pisek et al., 2013).
Third, the hotspot could easily be underestimated when the method is
applied to MODIS and MISR, because both sensors rarely make near-
principle plane observations, and the semi-empirical BRDF model can-
not describe the hotspot very well (Maignan et al., 2004). An empirical
hotspot correction method has been proposed in the NDHD calculation
for the Ross-Li modeled hotspot (He et al., 2012). However, the applica-
bility of the correction method for other BRDF models is still unknown.
Fourth, current CI products are mostly evaluated with a direct point to
pixel comparison method (He et al., 2012; Pisek et al., 2013); however,
the direct comparison method may be limited because of the scale mis-
match. A commonly used validation method for moderate-resolution
products is to compare them with the up-scaled high-resolution refer-
ence data (Morisette et al., 2006). However, the upscaling method has
rarely been used for CI validation because of the scarcity of the high-res-
olution reference data (Simic et al., 2010). Finally, current CI estimation
and validation studies have mainly focused on dense forests (He et al.,
2012; Pisek et al., 2013); more studies are therefore necessary for
other biome types, especially the sparsely vegetated areas
(FCOVER b 25%)where the applicability of the NDHDmethod is still un-
clear (Chen et al., 2005; He et al., 2012; He et al., 2016).

The objective of this paper is to investigate the performance of dif-
ferent configurations of BRDF models and SZA values for CI estimation
using the NDHD method. We address several key scientific questions:
(1)What are the proper BRDFmodel and SZA configurations for CI esti-
mation using the NDHD method, especially over sparse vegetated
Fig. 1. Evaluation of different BRDF and solar zenith angle (SZA)
areas? (2) How to effectively address the scale mismatch problem in
the evaluation of CI products using ground measurements? (3) What
are the seasonal characteristics of CI for different biomes? (4) What is
the relationship between CI and leaf area index (LAI)? The study was
performed at the VALERI sites because of the available ground CI data
and high-resolution CI maps.

2. Materials and methods

The flowchart for CI estimation is shown in Fig. 1. CI was first esti-
mated from both MISR and MODIS satellite images using the NDHD
method with different configurations of BRDF models and solar zenith
angles (Fig. 1). The satellite estimated CI was compared with field mea-
surement data at two different scales using two different methods to
determine the best configurations.

2.1. Remote sensing data

2.1.1. MISR multi-angle reflectance data (275 m)
MISR provides nine angular observations along the flight path: one

at nadir view and the others at ±26.1°, ±45.6°, ±60°, and ±70.5° ze-
nith angles. Among the four spectral bands (446, 558, 672, and
866 nm), the 672 nm (red) band is acquired at 275m for all nine angles,
while for other bands, the resolution is 1100 m, except for 275 m at the
nadir view (Diner et al., 1999). Atmospherically corrected bidirectional
reflectance factor (BRF) data are provided in the Level 2 product
(MIL2ASLS, 1100m). A regression algorithm is developed to build a lin-
ear relationship between the BRF data (1100 m) and the TOA radiance
data (MI1B2T, 275m), and used to derive the 275m angular reflectance
data (Armston et al., 2007; Chopping et al., 2009; Pisek et al., 2015; Pisek
et al., 2013). The atmospheric correction process is supported by the
MISR Toolkit (https://eosweb.larc.nasa.gov/project/misr/tools/misr_
toolkit). Solar and view geometry and geolocation informationwere ob-
tained from the MI1B2GEOP and MISR Ancillary Geographic Product
(AGP) dataset. All MISR data were downloaded from the MISR website
(http://l0dup05.larc.nasa.gov/MISR/cgi-bin/MISR/main.cgi).

2.1.2. MODIS BRDF parameter data (500 m)
The MODIS BRDF parameter data (MCD43A1) (Schaaf et al., 2002)

are derived using a three-parameter kernel-driven Ross-Li model
(Lucht et al., 2000; Schaaf et al., 2002; Wanner et al., 1995; Wanner et
al., 1997). Assuming that the surface remains stable during the 16-day
configurations for CI estimation using the NDHD method.

https://eosweb.larc.nasa.gov/project/misr/tools/misr_toolkit
https://eosweb.larc.nasa.gov/project/misr/tools/misr_toolkit
http://l0dup05.larc.nasa.gov/MISR/cgi-bin/MISR/main.cgi
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accumulation period, a sequentialmethod is used to assemble all cloud-
cleared observations during that period. Synergizing both Terra and
Aqua satellites enablesmore angular sampling for the Ross-Limodel pa-
rameter retrieval. A quality flag (QA) is provided in theMCD43A2 prod-
uct to represent the retrieval quality. The MODIS BRDF data were
downloaded from NASA's Earth observing system (http://reverb.echo.
nasa.gov/reverb).

2.2. Field CI data from the VALERI database

The VALERI project (http://w3.avignon.inra.fr/valeri) is dedicated to
the validation of biophysical products derived from moderate-resolu-
tion satellite sensors. Most of VALERI sites are at least 3 × 3 km in size,
flat, and relatively homogenous. The sampling strategy follows a cross
or square spatial sampling formost homogeneous sites. For a few sparse
and locally discontinuous vegetation, much denser sampling was con-
ducted. VALERI provides both effective LAI (LAIeff) and true LAI (LAI)
data, derived from the digital hemispherical photography (DHP) mea-
surement for each elementary sampling unit (ESU), and processed
using the CAN-EYE software. The LAIeff values are derived from the
Beer-Lambert equation (Nilson, 1971).

LAIeff ¼ −
lnPo θð Þ � cos θð Þ

G θð Þ ð3Þ

where Po (θ) is the gap fraction in direction θ, and G (θ) is the projection
function. LAI is estimated using

LAI ¼ LAIeff
CI

ð4Þ

where CI is derived from the estimated gap fraction using the logarith-
mic averaging method (LX) (Lang and Xiang, 1986).

The VALERI LAIeff and LAI maps are generated from the transfer func-
tions determined between in situ measurements and SPOT-HRV or
Landsat reflectances. These maps have been widely used in LAI product
validation studies (Bacour et al., 2006; Camacho et al., 2013; Fang et al.,
2012; Garrigues et al., 2008; Morisette et al., 2006; Tao et al., 2015;
Verger et al., 2008; Verger et al., 2011; Weiss et al., 2007; Xiao et al.,
2015). Meanwhile, the VALERI CI has also been used for clumping correc-
tion to derive the true LAI for MODIS LAI validation studies (Camacho et
al., 2013; Fang et al., 2012; Garrigues et al., 2008; Morisette et al., 2006).
High-resolution CImapswere derived as a ratio of the LAIeff and LAImaps.

CI ¼ LAIeff
LAI

ð5Þ

A total of 10 sites, representing different biomes and climatic condi-
tions, were selected considering the availability of MISR and MODIS
within 15 days (Fig. 2). Each site contains about 30–50 ESUs. The
high-resolution CI maps and the distribution of ESU points are shown
in Fig. 3. Both field CI measurements and high resolution CI maps
were used to evaluate the performance of the NDHD method. Detailed
information about the field data and the satellite images is listed in
Table 1.

2.3. Estimation and evaluation of remote sensing CI

2.3.1. Estimation of CI from MISR and MODIS with different configurations
The BRDF model parameters for the Ross-Li and the RPVwith three-

(RPV-3p) and four-parameter (RPV-4p) models were first inverted
from theMISRmulti-angle reflectance. The NDHD values were calculat-
ed from the hotspots and darkspots fitted from Ross-Li, RPV-3p, and
RPV-4p with 0°, 60°, and the observational SZA configurations, respec-
tively. The CI was then estimated from the regression relationship be-
tween NDHD and CI (Eq. (1)). The linear coefficients between NDHD
and CI come from the 4-Scale simulation (Chen et al., 2005) with the
crown shape information from a global land cover map (GLC2000 data-
base). For needleleaf forests, the cone/cylinder crown shape regression
coefficients were used and for broadleaf forests and non-forests, the el-
lipsoid shaped regression coefficients were used. The SZA for the
darkspot calculation was fixed at 47.7° for SZA = 0° (He et al., 2012).
The MODIS CI was derived from Ross-Li BRDF parameters provided by
the MCD43A1 product. The average SZA during the Terra (MOD09A1)
and Aqua (MYD09A1) overpasses was used as the observational SZA.

A hotspot correctionmethod (He et al., 2012)was performed for dif-
ferent configurations. The method capitalizes on the negative relation-
ship between the hotspot underestimation and the normalized
difference vegetation index (NDVI) (He et al., 2012). The MISR NDVI
was calculated from the red and near infrared (NIR) bands in the
nadir view, and the MODIS NDVI was derived from the red and NIR
bands extrapolated from the BRDF at the nadir view. The Ross-Li param-
eter was derived, and the forward BRF was calculated using the Ross-Li
kernels with the AMBRALS package version 3.3 (Lucht et al., 2000;
Wanner et al., 1995;Wanner et al., 1997). During the Ross-Li parameter
inversion, if one of the parameters was negative, it would be set to zero
and the model was re-inverted using the other two parameters (Eq.
(A1)), which is consistentwith themethod used in theMCD43A1 prod-
uct (Jin et al., 2003; Román et al., 2011; Schaaf et al., 2002). The RPV
model parameters were inverted using the RPV inversion software
package version 3 (Lavergne et al., 2007).

2.3.2. Evaluation of CI
The MISR and MODIS CI maps were compared with ground CI mea-

surements and high-resolution reference maps separately to evaluate
the influence of different configurations (Fig. 1). The ground CI at the
ESU level was first upscaled to the landscape level using a gap fraction
method at θo=57.5°. At this particular angle,G(θ) can be considered in-
dependent of the leaf inclination angle (G=0.5) (Lang andXiang, 1986;
Warren-Wilson, 1963;Weiss et al., 2004), and Po(θo) is calculated as fol-
lows:

Po θoð Þ ¼ exp −0:5 � LAIeff = cos θoð Þ� � ð6Þ

The average landscape level Po (θo) was calculated as:

Po θoð ÞAVG ¼ Po θoð ÞESU1 þ Po θoð ÞESU2⋯þ Po θoð ÞESUn
n

ð7Þ

The LAIeff at the landscape level was calculated as:

LAIeff landscapeð Þ ¼ −
lnPo θoð ÞAVG � cos θoð Þ

G θoð Þ ð8Þ

The average LAI at the landscape level was calculated as:

LAI landscapeð Þ ¼ LAIESU1 þ LAIESU2⋯þ LAIESUn
n

ð9Þ

The LAI of each ESU was estimated at 57.5°.
Finally, CI at the landscape level was estimated as:

CI ¼ LAIeff landscapeð Þ
LAI landscapeð Þ ð10Þ

For the evaluation using ground CI, the coefficient of variation (CV)
of the high-resolution red band reflectance (30 m) within a moderate-
resolution pixel (275 m or 500 m) was calculated to assess the spatial
homogeneity of the latter and to ensure the spatial representativeness
of the ground CI. A CV value of 0.2 was used to mask out heterogeneous
pixels, and therefore, only MISR and MODIS pixels with CV b 0.2 were
used in the CI evaluation process.

The high-resolution CI maps were upscaled to the site scale using a
simple averaging method following a commonly used upscaling

http://reverb.echo.nasa.gov/reverb
http://reverb.echo.nasa.gov/reverb
http://w3.avignon.inra.fr/valeri


Fig. 2. Sample images of the VALERI sites. The white box shows a zoom-in of the landscape image. All images are from Google Earth®.
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Fig. 3.High resolution CImaps of theVALERI sites. Field elementary sampling units (ESU) aremarkedwith black triangles. The spatial resolution is 30m, and the size of each scene is shown
in Table 1.
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protocol (Morisette et al., 2006). The upscaled field CI was compared
with the averaged 3 × 3 CI pixels estimated from MISR and MODIS.

3. Results

3.1. MISR CI and validation

3.1.1. Hotspots and darkspots estimated from different configurations
Fig.4 compares the hotspots and darkspots reconstructed from dif-

ferent BRDFmodels and SZA values. For simplicity, different angular suf-
fixes “-0”, “-60”, and “-S” are attached to the BRDF models to represent
their configurations. The diagonal shows the histogram distribution of
the hotspots and darkspots. The hotspots are larger than the corre-
sponding darkspots; the largest difference between the two appears
when SZA = 60°, and the smallest when SZA = 0°. For the same BRDF
model, the hotspot for SZA = 60° is significantly larger than those for
the observational SZA and SZA = 0°. The hotspot derived with the ob-
servational SZA is slightly larger than that with SZA = 0° because
most of the observational SZA values are between 20° and 30° (Table
1). With the same SZA, the RPV-4p hotspot is obviously larger than
Table 1
Characteristics of the VALERI sites. SZA: solar zenith angle when MISR images we acquired. ‘M
dates, where the negative and positive values represent earlier and later dates, respectively. ‘FCO
hemispherical photography (DHP). ‘GLC2000 land cover’ type is from http://bioval.jrc.ec.europ
broadleaved, deciduous, open; Mix: Tree cover, mixed leaf type; ENF: Tree cover, needle-leave

Site ID Country Lat (°) Lon (°) Size
(km)

Field date SZA
(°)

MISR
date

MOD
date

Fundulea Romania 44.40 26.5 3 × 3 20010508 31.3 −8 −7–8

Plan-de-Dieu France 44.19 4.94 3 × 3 20040707 24.6 −3 −4–1
LeLarzac France 43.93 3.12 3 × 3 20020702 26.1 6 −6–9

Zhangbei China 41.27 114.68 3 × 3 20020809 24.6 8 −12–
Camerons Australia −32.61 116.27 4 × 4 20040303 39.9 1 −6–9
Gnangara Australia −32.37 116.11 3 × 4 20040301 36.9 1 −4–1
Larose Canada 45.38 −75.21 3 × 3 20030807 29.9 −8 −10–
Puechabon France 43.72 3.65 3 × 3 20010613 23.4 −12 −11–

Sonian forest Belgium 50.76 4.41 3 × 3 20040622 29.6 −13 −5–1

Gilching Germany 48.08 11.32 3 × 3 20020718 29.3 −6 −6–9
the Ross-Li and RPV-3p hotspots, as RPV-4p has an optical kernel
representing the hotspot effect. The hotspots from Ross-Li and RPV-3p
models are consistent for the observational SZA and SZA=0°. However,
for SZA= 60°, the hotspot corresponding to Ross-Li is larger than those
corresponding to RPV-3p and RPV-4p models. The performance of the
darkspots derived by the three BRDF models is similar to those of the
hotspot. The RPV-4p derives the largest darkspot, whereas the
darkspots derived by Ross-Li and RPV-3p are similar under the same
SZA. Unlike hotspots, the darkspots decrease with increasing SZA,
which further increases the difference between the hotspots and
darkspots for SZA = 60°.

3.1.2. Validation of MISR CI with different configurations
The MISR CI agrees better with field values for Ross-Li and RPV-3p

than RPV-4p (Fig. 5). The performances of Ross-Li and RPV-3p are similar,
especially for SZA=0° and the observational SZA. This result is consistent
with the performance of hotspots and darkspots derived with different
models and SZA values (Fig. 4). CI values obtained fromRPV-4p are small-
er and more scattered than those from the other two models, probably
because of the hotspot overestimation in RPV-4p (Fig. 4), which increases
ISR date’ and ‘MODIS date’ represent the temporal differences between satellite and field
VER’ comes from the average of thefieldmeasured fractional vegetation cover fromdigital
a.eu/products/glc2000/glc2000.php. EBF: Tree cover, broadleaf, evergreen; DBF: Tree over,
d, evergreen.

IS FCOVER GLC2000 land cover Field description
(http://w3.avignon.inra.fr/valeri)

47.7% Crop 100% Winter and summer wheat,
corn, oats, peas, and sunflower

1 17.0% Crop 100% Vineyards
32.5% ENF 15%, Crop 62%, Mix tree

23%
Grassland

3 37% Herbaceous 95%, Crop 5% Pastures
42.2% EBF 100% Australian forest with understory

1 23.3% EBF 6%, DBF 94% Australian forest with understory
5 85.4% DBF 65%, Water 35% Boreal forest and wetland
4 54.2% ENF 87%, Crop 13% Mediterranean forest oaks, box

trees, and thyme
0 90.8% ENF 72%, Mix tree 20%, Crop 8% Beeches, oaks, chestnut trees

with dense underwood
83% DBF 11%, ENF 19%, Crop 70% Forests dominated by pine

trees, and crops

http://bioval.jrc.ec.europa.eu/products/glc2000/glc2000.php
http://w3.avignon.inra.fr/valeri


Fig. 4. Inter-comparison of MISR red band hotspot and darkspot derived from different BRDFmodels and SZA configurations. The red and green circles represent hotspots and darkspots,
respectively. The diagonal shows the histogram distribution of the hotspot and darkspot. The hotspot and darkspot values range between 0 and 0.5. The suffixes “-0”, “-60”, and “-S”
represent the 0°, 60°, and the observational SZA values, respectively, applied with the Ross-Li, RPV-3p, and RPV-4p models. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)
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the NDHD and decreases the CI. Fig. 5 shows that SZA has a greater influ-
ence on the CI estimation than the BRDF model. Except for the Plan-de-
Dieu and Gnangara sites (FCOVER b 25%), the CI retrieved from SZA =
0° is consistently lower than the ground value, whereas those from the
SZA = 60° result in overestimates, especially for Zhangbei. The smallest
bias and RMSE are obtained when the observational SZA is used. For the
Plan-de-Dieu and Gnangara sites, Ross-Li-60 agrees best with the ground
CI, while other configurations would greatly overestimate the CI.

Similar results are obtained when the MISR CI was compared with
the upscaled high-resolution CImap (Fig. 6). Large discrepancies are no-
ticed for nearly all configurations for the Plan-de-Dieu and Gnangara
sites except for the Ross-Limodel with SZA=60°. SZA=0° tends to re-
sult in underestimates, whereas SZA = 60° will result in overestimates
for other sites. Ross-Li with SZA=60° performs relatively well for Plan-
de-Dieu and Gnangara sites, but severely overestimates the CI for the
Zhangbei site (Fig. 6).

Fig. 7 shows the CI estimated fromMISR with the best three config-
urations. Ross-Li-S and RPV-3p-S are consistent with small spatial vari-
ations, whereas Ross-Li-60 showsmore variations than the results from
the other two configurations, especially for LeLarzac, Sonian forest, and
Gilching, which are composed ofmore than two vegetation types (Table
1). Compared to Ross-Li-60, both Ross-Li-S and RPV-3p-S overestimate



(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Fig. 5.Comparison ofMISR (275m)CI derived from different configurationswith the ground CI over theVALERI sites. The hollowmarks represent the pixels classified as needleleaf forests
in GLC2000.
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the CI for Plan-de-Dieu and Gnangara, a phenomenon also shown in the
scatter plot comparisions (Figs. 5 and 6). The largest differences be-
tween different configurations are noted for the Plan-de-Dieu vineyard
site.

3.2. Validation of MODIS CI with different configurations

Comparing MODIS CI with ground CI, the red band performs better
than the NIR band (Fig. 8). For the red band, the Ross-Li-0 overestimates
for Plan-de-Dieu and Gnangara and underestimates for other sites. Both
Ross-Li-0 and Ross-Li-S seem insensitive to the CI variations at the Plan-
de-Dieu and Gnangara sites, while this variation can be better distin-
guished by Ross-Li-60. Similarly to MISR CI (Fig. 5), the MODIS CI per-
forms well with Ross-Li-S but overestimates with Ross-Li-0 for sites
with FCOVER N 25%.

The MODIS CI was further compared with the upscaled high-resolu-
tion CI (Fig. 9). In general, Ross-Li-60 shows the highest correlationwith
the high-resolution CI. Both Ross-Li-0 and Ross-Li-S suffer from the
overestimation problem for Plan-de-Dieu and Gnangara. For other
sites, SZA = 0° presents a negative bias regarding the high-resolution
CI, whereas Ross-Li-S performs very consistently with the high-resolu-
tion CI. The CI maps (500 m) were also derived from the MODIS red
band using different configurations (not shown for brevity purpose).
The spatial pattern of the CI is similar to those derived from MISR.
Ross-Li-60 shows more spatial variations than Ross-Li-0 and Ross-Li-S.
3.3. Temporal variation of CI

A 15-year (January 2000–December 2014) CI time series was de-
rived from the best quality MCD43A1 product (QA = 0). Ross-Li-60
was used for the CI estimation over Plan-de-Dieu and Gnangara sites
over the whole year as the FCOVER over both sites is b25% even during
the peak season. For other sites, the CIwas first estimated using Ross-Li-
60; if the estimated CI was N0.5, it was recalculated using Ross-Li-S. In
general, the inter- and intra-annual variations are captured well with
the MODIS CI series (Fig. 10). The variation in Fundulea over different
years might be related to the inter-annual variations in crop distribu-
tion, which is consistent with the LAI time series trajectories
(Camacho et al., 2013). The Plan-de-Dieu site shows an obvious season-
al trajectory, with the lowest CI values in the summer, when the LAI is
the highest. The CI values for the two grass sites, LeLarzac and Zhangbei,
show very small seasonal variations, especially for Zhangbei, because of
the homogeneous grass composition (Table 1).
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(g) (h) (i)

Fig. 6. Comparison of MISR average CI derived from different configurations with the average high resolution CI over the VALERI sites.
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The seasonal CI variation in the Cameron evergreen broadleaf forest
(EBF) site may be related to the alternative leaf change in the wet and
dry seasons. The CI values of the two deciduous broadleaf forest (DBF)
sites (Gnangara and Larose) varied dramatically from the beginning to
the end of the growing season. The lowest CI values are observed inwin-
ter for Gnangara. The Larose site is slightly out of phasewith the season,
partly because of the 35% water surface at the site (Table 1). The CI
values of the evergreen needleleaf forest (ENF) sites (Puechabon and
Sonian forest) are stable throughout the year. The small variations
may be caused by the needle phenology (Sprintsin et al., 2011;
Vestgarden, 2001) and the variation of other vegetation types at the
sites (Table 1). The remaining sites (Gilching, LeLarzac, and Sonian for-
est) show high CI variation, partly because of the presence of different
vegetation types within the sites (Duveiller et al., 2015) (Table 1).

3.4. Relationship between CI and LAI

The scatter plot between CI and LAI is presented in Fig. 11. The LAI
data were obtained from the MCD15A2 C5 product (July 2002–Decem-
ber 2014) and averaged over the sites. The CI generally decreaseswithin
increasing LAI (P b 0.001) for the crop (Plan-de-Dieu), grass (Zhangbei),
EBF (Cameron), DBF (Gnangara), and ENF (Puechabon) sites. The slight
increase in CI at the Fundulea site (P b 0.05)might be related to the pres-
ence of different crop types, such as winter and summer wheat, corn,
oats, peas, and sunflowers (Table 1 and Fig. 1). No clear relationship be-
tween CI and LAI is shown for other sites because of the mixed land
cover types within those sites (Table 1). For most land cover types, the
CI values show higher scattering when the LAI is small, and stabilizes
when the LAI increases.
4. Discussion

4.1. Estimation of CI using NDHD method

In the estimation of CI using the NDHDmethod, coefficients derived
from a 4-scale model simulation are applied, assuming an ellipsoid
crown for deciduous forests and a combination of conical and cylindrical
crowns for needleleaf forests (Chen et al., 2005). In this study, the re-
gression coefficients have been used to estimate CI for crops and grasses.
The performance of our results and other similar studies show that the
NDHD method generally works well for all major vegetation types
(Chen et al., 2005; He et al., 2012; Leblanc et al., 2005b; Pisek et al.,
2011a; Pisek et al., 2015; Pisek et al., 2013).



(a)

(b)

(c)

Fig. 7. MISR CI maps derived from Ross-Li-S, RPV-3p-S, and Ross-Li-60 at the VALERI sites (275 m). The grey areas indicate an inversion failure.
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Our study shows that, with the SZA = 0° assumption, the NDHD
method would overestimate small CI values (CI b 0.5), while systemat-
ically underestimate CI formedium to large CI (CI N 0.5) (Figs. 5, 6, 8, and
9). Similar problems for SZA= 0° have been shown in theMODIS CI es-
timation (He et al., 2012; He et al., 2016). Generally, the observational
SZA provides better and stable CI estimation for medium and large CI
(CI N 0.5), compared to 0° and 60° solar zenith angles. This indicates
that better hotspot reflectancemay be derived from BRDFmodels fitted
to the observational SZA values (He et al., 2012).

Ross-Li-60 performs best for severely clumped conditions in the
Plan-de-Dieu and Gnangara sites (Figs. 5, 6, 8, and 9), where the vegeta-
tion cover is b25% (Table 1). Over the sparsely vegetated area, the
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(d) (e) (f)

Fig. 8. Comparison of MODIS CI (500 m) derived from different configurations with the ground CI (500 m) over the VALERI sites. The upper and lower panels represent the CI values
derived from the MODIS red and NIR bands, respectively. The hollow marks represent pixels classified as needleleaf forests in GLC2000. (For interpretation of the references to color in
this figure legend, the reader is referred to the web version of this article.)
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background anisotropy was dominant (Pinty et al., 2002), decreasing
the correlation between CI and NDHD (Chen et al., 2005; He et al.,
2012; He et al., 2016). The superiority of Ross-Li-60, compared to
other configurations, over these two sites might be attributed to the de-
creased background contribution to the canopy reflectance and the in-
creased sensitivity to vegetation structure using a more oblique angle
(60°) (Heiskanen, 2006; Pisek et al., 2015; Rautiainen et al., 2008). How-
ever, for sites with greater crown coverage (FCOVER N 25%) and less
clumped area, the instability of BRF at greater SZA, and the weaker cor-
relation between NDHD and CI for SZA= 60° (Chen et al., 2005), result
in larger RMSE values for Ross-Li-60 than other configurations (Figs. 5,
6, 8, and 9). Meanwhile, the weaker performance of the RPV-3p-60
and RPV-4p-60might be related to the dependency of the RPV parame-
ters on SZA (Pinty et al., 2002).

The hotspot correction method developed by He et al. (2012) was
found to perform well for both Ross-Li and RPV-3p-S (Figs. 5, 6, 8, and
9). However, the correctionmethodmay not be suitable for RPV-4p, be-
cause of the overestimation of the RPV-4p hotspot (Fig. 4).

This study shows that the red band performs better for CI estimation
than theNIR band (Figs. 8 and 9). The red band has also been used byHe
et al. (2012) for global CI estimation andHill et al. (2011) for woodlands
and open savannas. AlthoughChen et al. (2005) originally suggested the
NIR band for CI estimation, the NIR band is more affected bymulti-scat-
tering, thus reducing the contrast between the hotspot and darkspot.

4.2. CI validation and upscaling methods

Two CI validation methods were examined in this study. The first
method upscales field ESU measurements into the landscape scale
(275 m or 500 m) corresponding to one MISR or MODIS pixel (Eqs.
(6)–(10), Figs. 5 and 8). This method works well for CI upscaling in het-
erogeneous areas; however, the misregistration and point-spread func-
tion effects would affect the evaluation accuracy. The second method
upscales high resolution imagery regressed from extensive field mea-
surement into the site scale (3 km × 3 km). This method overcomes
the misregistration and point-spread function effect and is commonly
used for validating moderate resolution products (Morisette et al.,
2006) (Eq. (5), Figs. 6 and 9).

The high-resolution CI used in this study was derived from the LAIeff
and LAI data derived by using a transfer function from extensive field
measurements. The high-resolution CI can also be derived directly
using the NDHD method from high-resolution multi-angle reflectance
data (Simic et al., 2010) if concurrent high-resolution multi-angle data
are available.

In this study, the ground CI was estimated with a gap fraction meth-
od (hereafter named CIGap), taking advantage of a particular angle at
57.5° (Eqs. (6)–(10)) (Chen et al., 1997; Leblanc and Chen, 2001;
Leblanc et al., 2002; Neumann et al., 1989). The CIGap method is appro-
priate for the nonlinear CI upscaling process (Ryu et al., 2010). The
ground CI can also be estimated as an arithmetic average (CIAVG) of all
ESU

CIAVG ¼ CIESU1 þ CIESU2⋯þ CIESUn
n

ð11Þ

where CIESU1–CIESUn are CI values estimated for all ESUs. The differences
between CIGap and CIAVG were compared over the VALERI sites at differ-
ent spatial resolutions: 275 m, 500 m, and 3 km (Fig. 12). CIAVG is
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Fig. 9.Comparison ofMODIS average CI derived from different configurationswith the average high resolution CI over theVALERI sites. The upper and lower panels represent the CI values
derived fromMODIS red and NIR bands, respectively. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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generally overestimated, especially for the 3 km resolution. This may be
attributed to the increasing gap fraction variation with the increasing
distance. The largest overestimation (~0.2) is shown at two very hetero-
geneous sites, Gilching and Fundulea (Fig. 12c). The overestimation of
CIAVG indicates that the landscape CI cannot be properly estimated by
simple averaging of point measurements. Therefore, the gap fraction
method (CIGap) is recommended for moderate resolution CI validation
using the ground CI, especially over heterogeneous areas and for coarse
spatial resolution images.

4.3. Seasonal variation of CI and LAI

In general, MODIS CI for crops and DBF shows larger seasonal varia-
tion than for EBF and grass, but remains constant for ENF over the year
(Fig. 10). In this study, two crop sites Plan-de-Dieu and Fundulea show
large seasonal variation around 0.3–1.0 and 0.5–0.8, respectively. A sim-
ilar large CI variation of 0.6–1.0was also observed in a rice field (Fang et
al., 2014). Two DBF sites Gnangara and Larose also show large seasonal
variation with 0.4–0.8 and 0.4–0.9, respectively. Two ENF sites
Puechabon and Sonian forest have little seasonal variation (0.5–0.6),
consistent with that observed in the Israel Yatir ENF forest (0.5–0.7)
(Sprintsin et al., 2011). He et al. (2016) reported a smaller seasonal
MODIS CI variation range than ground measurements. The small sea-
sonal CI variation in He et al. (2016) may be related to the Ross-Li-0
model used in their study, which tends to underestimate higher CI
and overestimate lower CI.

The CI generally decreases with increasing LAI (Fig. 11). This finding
agrees with other field measurement studies for rice crops (Fang et al.,
2014), grasses (Ryu et al., 2010), savannas (Baldocchi et al., 2004), and
ENF (Sprintsin et al., 2011). For mixed land cover sites, this trend may
not be very clear (Fig. 11), because of the different vegetation types.
The temporal variation of CI can be incorporated into land surface
models to improve the estimation of carbon and energy fluxes
(Houborg et al., 2009; Sampson et al., 2006).

4.4. Uncertainties of field CI

In this study, the ground and high-resolution CI values were obtain-
ed using the logarithmic gap fraction averagingmethod fromDHPmea-
surements. CI estimated by the LX method is affected by the segment
length (Demarez et al., 2008; Gonsamo et al., 2010) and gaps may not
exist in the estimation (Van Gardingen et al., 1999; Walter et al.,
2003; Whitford et al., 1995). Earlier theoretical analysis has suggested
the use of a segment length of 10 times the leaf width (Lang and
Xiang, 1986). In the DHP processing using CAN-EYE, the segment length
was carefully chosen to ensure that gaps exist and leaves are randomly
distributed within a cell. When there is no observed gap, the gap frac-
tion is derived from an assigned saturate LAI (=10) using the Poisson
law (Weiss and Faret, 2010). Further studies are needed to find an opti-
mal segment length for different vegetation conditions (Demarez et al.,
2008; Leblanc et al., 2005a).

Except for the gap fraction-basedmethod, the gap size–based (Chen
and Cihlar, 1995; Leblanc, 2002) and the combination of gap size and
gap fraction method (Leblanc et al., 2005a) have also been frequently
used. Previous studies have shown that CI estimated from LX and CLX
are highly correlated with a Pearson's correlation coefficient (PCC)
reaching 0.98, higher than those between LX and CC (PCC ∼ 0.76)
(Gonsamo and Pellikka, 2009; Pisek et al., 2011b). Other studies have
shown that CI derived from LX and CLX are nearly identical to the refer-
ence CI around 55° (Pisek et al., 2011b). This angle is close to the 57.5°



Fig. 10. Temporal variations of the average CI derived from the MODIS BRDF product (MCD43A1) from January 2000 to December 2014. The black dots and red stars correspond to the
average of MODIS CI and the high resolution CI, respectively. Hollow circles represent the MODIS LAI (MCD15A2 C5) from July 2002 to December 2014. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)
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used in our CI estimation and CIGap upscaling process (Eqs. (6)–(10)).
G(θ) can be considered independent of the leaf inclination angle at the
view zenith of 57.5°. This particular angle (57.5°) was adopted to
minimize the influence of the angular variation of the G function and
CI. Both simulation and field studies have indicated that in situ CI mea-
sured at 57.5° is a good approximation of the total CI (Fang et al., 2014;



Fig. 11. Relationship between CI estimated from MODIS BRDF (MCD43A1) and MODIS LAI (MCD15A2 C5) products from July 2002 to December 2014 at the VALERI sites.
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Fig. 12.Comparisonof CI estimated from the gap fractionmethod (CIGap)with those averaged fromall ESUmeasurements (CIAVG) at different scales (a) 275m, (b) 500m, and (c) 3 km. The
points indicate pixels containing more than two ESUs.
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Leblanc and Fournier, 2014; Leblanc and Chen, 2001). Leblanc and
Fournier (2014) have recommended estimating LAI near 57.5° instead
of using the truncated Miller integration. For sparsely vegetated area,
57.5° is also promising for bothfield CI measurements and remote sens-
ing estimation using the NDHD method.

For the two needleleaf forest sites (Puechabon and Sonian forest),
DHP derives the element CI for canopy clumping larger than the shoot
level. The element CI can be converted into the canopy CI by considering
the shoot scale clumping with a needle-to-shoot ratio (Chen, 1996).
Similar findings can be obtained when the resultant canopy CI is com-
pared with the satellite derived CI (results not shown for brevity
purpose).

5. Conclusion

Estimating CI using the NDHD method is affected by different BRDF
models and SZA configurations. For all BRDF models, SZA = 0° system-
atically underestimates the CI, and SZA = 60° overestimates the CI for
medium and least clumped vegetation (CI N 0.5), while the observation-
al SZA provides good CI estimation. The Ross-Li-60 model is recom-
mended for severely clumped (CI b 0.5) and sparsely vegetated
(FCOVER b 25%) areas, where other configurations could easily overes-
timate the CI. The hotspot correctionmethod (He et al., 2012) originally
developed for the Ross-Li model works well for the RPV-3p model for
the observational SZA, but not for the RPV-4pmodel because of the po-
tential overestimation with the RPV-4p's hotspot kernel. A ground CI
upscaling method using the gap fraction method is recommended to
validate the satellite CI. Generally, CI varies with the season and de-
creases with the increasing LAI.
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Appendix A

This Appendix introduces the RossThick-LiSparse-Reciprocal (Ross-
Li) and Rahman-Pinty-Verstraete (RPV) models.
1. RossThick-LiSparse-Reciprocal (Ross-Li) model

The Ross-Li model (Lucht et al., 2000; Wanner et al., 1995; Wanner
et al., 1997) involves the sum of three kernels that represent isotropic
scattering, volumetric scattering, and geometric-optical surface scatter-
ing, respectively.

BRFRoss−Li ¼ f iso þ f volkvolðθs; θv;ϕÞð Þ þ f geokgeoðθs; θv;ϕÞ
� �

ðA1Þ

The terms ƒiso, ƒvol, and ƒgeo are spectrally dependent model
parameters.

The expression kvol was derived by Roujean et al. (1992), and was
called the Ross-Thick kernel because of its assumption of dense vegeta-
tion. It takes the form

kvolðθs; θv;ϕÞ ¼ kRT ¼ 4
3π

ðπ=2−ξÞð Þ cosξþ sinξ
cosθs þ cosθv

−
1
3

ðA2Þ

where,

ξ is the phase angle of scattering; and defined as

cosξ ¼ cosθs cosθv þ sinθs sinθv cos ϕ

The term kgeo is called the LiSparse kernel because of its sparse en-
semble of surface objects assumption. This kernel has been changed to
be reciprocal, called LiSparse-R, as follows:

kgeoðθs; θv;ϕÞ ¼ kLSR

¼ Οðθs; θv;ϕÞ− secθ0s− secθ0v þ
1
2

1þ cosξ0
� �

secθ0ssecθ
0
v

ðA3Þ

where

Ο ¼ 1
π

t− sin t cos tð Þ sec θs0 þ sec θv0ð Þ ðA4Þ

cos t ¼ h
b

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
D2 þ tanθs0 tanθv0 sinϕð Þ2

q
sec θs0 þ sec θv0

ðA5Þ

D ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
tan2θs0 þ tan2θv0−2 tanθs0 tanθv0 cosϕ

q
ðA6Þ

cos ξ0 ¼ cosθs
0 cos θv

0 þ sin θs
0 sin θv

0 cosϕ ðA7Þ

http://w3.avignon.inra.fr/valeri/
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θs
0 ¼ tan−1 b

r
tanθs

� �
; θv

0 ¼ tan−1 b
r
tanθv

� �
ðA8Þ

The combination of the RossThick and LiSparse-R kernels is known
as the RossThick-LiSparse-R model, which is simply referred to as the
Ross-Li model.

2. Rahman-Pinty-Verstraete (RPV) model

The RPVmodel (Rahman et al., 1993a; Rahman et al., 1993b) splits a
BRFfield into an amplitude component capturing the surface brightness
and a shape component describing the surface anisotropy:

BRFRPV ¼ ρ0 ρ
^ ðθs; θv;ϕ;ρc;Θ; kÞ ðA9Þ

where ρ0 shows the overall reflectance and ρ
^
(θv, θs, ϕ; ρc,Θ, k) indicates

the shape of the BRDF, which is formulated as follows:

ρ
^ ðθs; θv;ϕ;ρc;Θ; kÞ ¼ Mðθs; θv; kÞFHGðg;ΘÞHðρc;GÞ ðA10Þ

Mðθs; θv; kÞ ¼ cosk−1θvcosk−1θs
cosθv þ cosθsð Þ1−k

ðA11Þ

FHGðg;ΘÞ ¼ 1−Θ2

1þ 2Θ cosg þ Θ2
� �3=2 ðA12Þ

Hðρc;GÞ ¼ 1þ 1−ρc

1þ G
ðA13Þ

with

cos g ¼ cos θs cosθv þ sin θs sin θv cosϕ ðA14Þ

G ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
tan2θs þ tan2θv−2 tanθs tan θv cosϕ

q
ðA15Þ

ϕ ¼ ϕs−ϕv ðA16Þ

Using the above equations, the shape of the BRF can be described
using the bowl-bell-shaped anisotropy (k), the degree of forward or
backward scattering (Θ), and the hotspot (ρc) component. Thus, the
four-parameter RPV (RPV-4p) refers to an RPV implementation using
ρ0, k, Θ, and ρc; ρc is usually assumed to be equal to ρ0, reducing the
model to a three parameter model (RPV-3p).

A recently developed inversion method allows efficient inversion of
the original RPV model (Lavergne et al., 2007), and was used in this
study.

References

Armston, J.D., Scarth, P.F., Phinn, S.R., Danaher, T.J., 2007. Analysis of multi-date MISR
measurements for forest and woodland communities, Queensland, Australia. Remote
Sens. Environ. 107, 287–298.

Bacour, C., Baret, F., Béal, D., Weiss, M., Pavageau, K., 2006. Neural network estimation of
LAI, fAPAR, fCover and LAI × Cab, from top of canopy MERIS reflectance data: Princi-
ples and validation. Remote Sens. Environ. 105, 313–325.

Baldocchi, D.D., Xu, L., Kiang, N., 2004. How plant functional-type, weather, seasonal
drought, and soil physical properties alter water and energy fluxes of an oak–grass
savanna and an annual grassland. Agric. For. Meteorol. 123, 13–39.

Camacho, F., Cernicharo, J., Lacaze, R., Baret, F., Weiss, M., 2013. GEOV1: LAI, FAPAR essen-
tial climate variables and FCOVER global time series capitalizing over existing prod-
ucts. Part 2: validation and intercomparison with reference products. Remote Sens.
Environ. 137, 310–329.

Chen, B., Liu, J., Chen, J.M., Croft, H., Gonsamo, A., He, L., Luo, X., 2016. Assessment of fo-
liage clumping effects on evapotranspiration estimates in forested ecosystems.
Agric. For. Meteorol. 216, 82–92.

Chen, J., Black, T., 1992. Foliage area and architecture of plant canopies from sunfleck size
distributions. Agric. For. Meteorol. 60, 249–266.
Chen, J., Cihlar, J., 1997. A hotspot function in a simple bidirectional reflectance model for
satellite applications. J. Geophys. Res. 102, 25907–25913.

Chen, J., Menges, C., Leblanc, S., 2005. Global mapping of foliage clumping index using
multi-angular satellite data. Remote Sens. Environ. 97, 447–457.

Chen, J.M., 1996. Optically-based methods for measuring seasonal variation of leaf area
index in boreal conifer stands. Agric. For. Meteorol. 80, 135–163.

Chen, J.M., Cihlar, J., 1995. Plant canopy gap-size analysis theory for improving optical
measurements of leaf-area index. Appl. Opt. 34, 6211–6222.

Chen, J.M., Liu, J., Leblanc, S.G., Lacaze, R., Roujean, J.-L., 2003. Multi-angular optical remote
sensing for assessing vegetation structure and carbon absorption. Remote Sens. Envi-
ron. 84, 516–525.

Chen, J.M., Mo, G., Pisek, J., Liu, J., Deng, F., Ishizawa, M., Chan, D., 2012. Effects of foliage
clumping on the estimation of global terrestrial gross primary productivity. Glob.
Biogeochem. Cycles 26, 626–640.

Chen, J.M., Rich, P.M., Gower, S.T., Norman, J.M., Plummer, S., 1997. Leaf area index of bo-
real forests: theory, techniques, and measurements. J. Geophys. Res. 102,
29429–29443.

Chopping, M., Nolin, A., Moisen, G.G., Martonchik, J.V., Bull, M., 2009. Forest canopy height
from the Multiangle Imaging SpectroRadiometer (MISR) assessed with high resolu-
tion discrete return lidar. Remote Sens. Environ. 113, 2172–2185.

Demarez, V., Duthoit, S., Baret, F., Weiss, M., Dedieu, G., 2008. Estimation of leaf area and
clumping indexes of crops with hemispherical photographs. Agric. For. Meteorol. 148,
644–655.

Diner, D.J., Martonchik, J.V., Borel, C., Gerstl, S.A., Gordon, H.R., Knyazikhin, Y., Myneni, R.,
Pinty, B., Verstraete, M.M., 1999. Level 2 Surface Retrieval Algorithm Theoretical Basis.
Jet Propulsion Laboratory, California Institute of Technology. http://eospso.nasa.gov/
sites/default/files/atbd/ATB_L2Surface43.pdf.

Duveiller, G., Lopez-Lozano, R., Cescatti, A., 2015. Exploiting the multi-angularity of the
MODIS temporal signal to identify spatially homogeneous vegetation cover: a dem-
onstration for agricultural monitoring applications. Remote Sens. Environ. 166,
61–77.

Fang, H., Li, W., Wei, S., Jiang, C., 2014. Seasonal variation of leaf area index (LAI) over
paddy rice fields in NE China: Intercomparison of destructive sampling, LAI-2200,
digital hemispherical photography (DHP), and AccuPAR methods. Agric. For.
Meteorol. 198–199, 126–141.

Fang, H., Wei, S., Liang, S., 2012. Validation of MODIS and CYCLOPES LAI products using
global field measurement data. Remote Sens. Environ. 119:43–54. http://dx.doi.org/
10.1029/2007JG000635.

Garrigues, S., Lacaze, R., Baret, F., Morisette, J.T., Weiss, M., Nickeson, J.E., Fernandes, R.,
Plummer, S., Shabanov, N.V., Myneni, R.B., Knyazikhin, Y., Yang, W., 2008. Validation
and intercomparison of global Leaf Area Index products derived from remote sensing
data. J. Geophys. Res.:113 http://dx.doi.org/10.1029/2007JG000635.

Gonsamo, A., Pellikka, P., 2009. The computation of foliage clumping index using hemi-
spherical photography. Agric. For. Meteorol. 149, 1781–1787.

Gonsamo, A., Walter, J.-M.N., Pellikka, P., 2010. Sampling gap fraction and size for estimat-
ing leaf area and clumping indices from hemispherical photographs. Can. J. For. Res.
40, 1588–1603.

He, L., Chen, J.M., Pisek, J., Schaaf, C.B., Strahler, A.H., 2012. Global clumping index map de-
rived from the MODIS BRDF product. Remote Sens. Environ. 119, 118–130.

He, L., Liu, J., Chen, J.M., Croft, H., Wang, R., Sprintsin, M., Zheng, T., Ryu, Y., Pisek, J.,
Gonsamo, A., 2016. Inter-and intra-annual variations of clumping index derived
from the MODIS BRDF product. Int. J. Appl. Earth Obs. Geoinf. 44, 53–60.

Heiskanen, J., 2006. Tree cover and height estimation in the Fennoscandian tundra–
taiga transition zone using multiangular MISR data. Remote Sens. Environ. 103,
97–114.

Hill, M.J., Román, M.O., Schaaf, C.B., Hutley, L., Brannstrom, C., Etter, A., Hanan, N.P., 2011.
Characterizing vegetation cover in global savannas with an annual foliage clumping
index derived from theMODIS BRDF product. Remote Sens. Environ. 115, 2008–2024.

Houborg, R., Anderson, M.C., Norman, J.M., Wilson, T., Meyers, T., 2009. Intercomparison
of a ‘bottom-up’ and ‘top-down'modeling paradigm for estimating carbon and energy
fluxes over a variety of vegetative regimes across the US. Agric. For. Meteorol. 149,
1875–1895.

Jin, Y., Schaaf, C.B., Woodcock, C.E., Gao, F., Li, X., Strahler, A.H., Lucht, W., Liang, S., 2003.
Consistency of MODIS surface bidirectional reflectance distribution function and al-
bedo retrievals: 2. Validation. J. Geophys. Res. 108, 4159.

Lang, A.R.G., Xiang, Y., 1986. Estimation of leaf area index from transmission of direct sun-
light in discontinuous canopies. Agric. For. Meteorol. 37, 229–243.

Lavergne, T., Kaminski, T., Pinty, B., Taberner, M., Gobron, N., Verstraete, M.M., Vossbeck,
M., Widlowski, J.-L., Giering, R., 2007. Application to MISR land products of an RPV
model inversion package using adjoint and Hessian codes. Remote Sens. Environ.
107, 362–375.

Leblanc, S., Fournier, R., 2014. Hemispherical photography simulations with an architec-
tural model to assess retrieval of leaf area index. Agric. For. Meteorol. 194, 64–76.

Leblanc, S.G., 2002. Correction to the plant canopy gap-size analysis theory used by
the tracing radiation and architecture of canopies instrument. Appl. Opt. 41,
7667–7670.

Leblanc, S.G., Chen, J.M., 2001. A practical scheme for correctingmultiple scattering effects
on optical LAI measurements. Agric. For. Meteorol. 110, 125–139.

Leblanc, S.G., Chen, J.M., Fernandes, R., Deering, D.W., Conley, A., 2005a. Methodology
comparison for canopy structure parameters extraction from digital hemispherical
photography in boreal forests. Agric. For. Meteorol. 129, 187–207.

Leblanc, S.G., Chen, J.M., Kwong, M., 2002. Tracing Radiation and Architecture of Canopies.
TRAC MANUAL Version 2.1.3. Canada Centre for Remote Sensing Natural Resources.

Leblanc, S.G., Chen, J.M., White, H.P., Latifovic, R., Lacaze, R., Roujean, J.-L., 2005b. Canada-
wide foliage clumping index mapping from multiangular POLDER measurements.
Can. J. Remote. Sens. 31, 364–376.

http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0005
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0005
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0005
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0010
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0010
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0010
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0015
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0015
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0015
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0020
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0020
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0020
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0020
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0025
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0025
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0025
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0030
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0030
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0035
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0035
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0040
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0040
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0045
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0045
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0050
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0050
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0055
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0055
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0055
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0060
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0060
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0060
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0065
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0065
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0065
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0070
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0070
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0070
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0075
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0075
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0075
http://eospso.nasa.gov/sites/default/files/atbd/ATB_L2Surface43.pdf
http://eospso.nasa.gov/sites/default/files/atbd/ATB_L2Surface43.pdf
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0085
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0085
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0085
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0085
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0090
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0090
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0090
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0090
http://dx.doi.org/10.1029/2007JG000635
http://dx.doi.org/10.1029/2007JG000635
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0105
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0105
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0110
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0110
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0110
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0115
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0115
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0120
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0120
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0125
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0125
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0125
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0130
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0130
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0135
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0135
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0135
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0135
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0140
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0140
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0145
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0145
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0150
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0150
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0150
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0155
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0155
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0160
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0160
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0160
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0165
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0165
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0170
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0170
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0170
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0175
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0175
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0180
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0180
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0180


491S. Wei, H. Fang / Remote Sensing of Environment 187 (2016) 476–491
Lucht, W., Schaaf, C.B., Strahler, A.H., 2000. An algorithm for the retrieval of albedo from
space using semiempirical BRDF models. IEEE Trans. Geosci. Remote Sens. 38,
977–998.

Maignan, F., Bréon, F.M., Lacaze, R., 2004. Bidirectional reflectance of earth targets: evalu-
ation of analytical models using a large set of spaceborne measurements with em-
phasis on the hot spot. Remote Sens. Environ. 90, 210–220.

Morisette, J.T., Baret, F., Privette, J.L., Myneni, R.B., Nickeson, J.E., Garrigues, S., Shabanov,
N.V., Weiss, M., Fernandes, R.A., Leblanc, S.G., 2006. Validation of global moderate-
resolution LAI products: a framework proposed within the CEOS land product valida-
tion subgroup. IEEE Trans. Geosci. Remote Sens. 44, 1804–1817.

Neumann, H.H., Hartog, G.D., Shaw, R.H., 1989. Leaf area measurements based on hemi-
spheric photographs and leaf-litter collection in a deciduous forest during autumn
leaf-fall. Agric. For. Meteorol. 45, 325–345.

Nilson, T., 1971. A theoretical analysis of the frequency of gaps in plant stands. Agric.
Meteorol. 8, 25–38.

Pinty, B., Widlowski, J.-L., Gobron, N., Verstraete, M.M., Diner, D.J., 2002. Uniqueness of
multiangular measurements. I. An indicator of subpixel surface heterogeneity from
MISR. IEEE Trans. Geosci. Remote Sens. 40, 1560–1573.

Pisek, J., Chen, J.M., Nilson, T., 2011a. Estimation of vegetation clumping index using
MODIS BRDF data. Int. J. Remote Sens. 32, 2645–2657.

Pisek, J., Govind, A., Arndt, S.K., Hocking, D., Wardlaw, T.J., Fang, H., Matteucci, G., Longdoz,
B., 2015. Intercomparison of clumping index estimates from POLDER, MODIS, and
MISR satellite data over reference sites. ISPRS J. Photogramm. Remote Sens. 101,
47–56.

Pisek, J., Lang, M., Nilson, T., Korhonen, L., Karu, H., 2011b. Comparison of methods for
measuring gap size distribution and canopy nonrandomness at Järvselja RAMI (RAdi-
ation transfer Model Intercomparison) test sites. Agric. For. Meteorol. 151, 365–377.

Pisek, J., Ryu, Y., Sprintsin, M., He, L., Oliphant, A.J., Korhonen, L., Kuusk, J., Kuusk, A.,
Bergstrom, R., Verrelst, J., 2013. Retrieving vegetation clumping index from Multi-
angle Imaging SpectroRadiometer (MISR) data at 275 m resolution. Remote Sens. En-
viron. 138, 126–133.

Rahman, H., Pinty, B., Verstraete, M.M., 1993a. Coupled surface-atmosphere reflectance
(CSAR) model 2. Semiempirical surface model usable with NOAA advanced very
high resolution radiometer data. J. Geophys. Res. 98, 20791–20801.

Rahman, H., Verstraete, M.M., Pinty, B., 1993b. Coupled surface-atmosphere reflectance
(CSAR) model 1. Model description and inversion on synthetic data. J. Geophys.
Res. 98, 20779–20789.

Rautiainen, M., Lang, M., Mõttus, M., Kuusk, A., Nilson, T., Kuusk, J., Lükk, T., 2008. Multi-
angular reflectance properties of a hemiboreal forest: an analysis using CHRIS PROBA
data. Remote Sens. Environ. 112, 2627–2642.

Román, M.O., Gatebe, C.K., Schaaf, C.B., Poudyal, R., Wang, Z., King, M.D., 2011. Variability
in surface BRDF at different spatial scales (30 m–500 m) over a mixed agricultural
landscape as retrieved from airborne and satellite spectral measurements. Remote
Sens. Environ. 115, 2184–2203.

Roujean, J.L., Leroy, M., Deschamps, P.Y., 1992. A bidirectional reflectance model of the
Earth's surface for the correction of remote sensing data. J. Geophys. Res. Atmos. 97
(1984–2012), 20455–20468.

Ryu, Y., Nilson, T., Kobayashi, H., Sonnentag, O., Law, B.E., Baldocchi, D.D., 2010. On the
correct estimation of effective leaf area index: does it reveal information on clumping
effects? Agric. For. Meteorol. 150, 463–472.

Sampson, D., Janssens, I., Ceulemans, R., 2006. Under-story contributions to stand level
GPP using the process model SECRETS. Agric. For. Meteorol. 139, 94–104.
Schaaf, C.B., Gao, F., Strahler, A.H., Lucht, W., Li, X., Tsang, T., Strugnell, N.C., Zhang, X., Jin,
Y., Muller, J.-P., 2002. First operational BRDF, albedo nadir reflectance products from
MODIS. Remote Sens. Environ. 83, 135–148.

Simic, A., Chen, J.M., Freemantle, J.R., Miller, J.R., Pisek, J., 2010. Improving clumping and
LAI algorithms based on multiangle airborne imagery and ground measurements.
IEEE Trans. Geosci. Remote Sens. 48, 1742–1759.

Sprintsin, M., Cohen, S., Maseyk, K., Rotenberg, E., Grünzweig, J., Karnieli, A., Berliner, P.,
Yakir, D., 2011. Long term and seasonal courses of leaf area index in a semi-arid forest
plantation. Agric. For. Meteorol. 151, 565–574.

Tao, X., Liang, S., Wang, D., 2015. Assessment of five global satellite products of fraction of
absorbed photosynthetically active radiation: Intercomparison and direct validation
against ground-based data. Remote Sens. Environ. 163, 270–285.

Thomas, V., Noland, T., Treitz, P., McCaughey, J.H., 2011. Leaf area and clumping indices for
a boreal mixed-wood forest: lidar, hyperspectral, and Landsat models. Int. J. Remote
Sens. 32, 8271–8297.

Van Gardingen, P., Jackson, G., Hernandez-Daumas, S., Russell, G., Sharp, L., 1999. Leaf area
index estimates obtained for clumped canopies using hemispherical photography.
Agric. For. Meteorol. 94, 243–257.

Verger, A., Baret, F., Weiss, M., 2008. Performances of neural networks for deriving LAI es-
timates from existing CYCLOPES and MODIS products. Remote Sens. Environ. 112,
2789–2803.

Verger, A., Baret, F., Weiss, M., 2011. A multisensor fusion approach to improve LAI time
series. Remote Sens. Environ. 115, 2460–2470.

Vestgarden, L.S., 2001. Carbon and nitrogen turnover in the early stage of Scots pine
(Pinus sylvestris L.) needle litter decomposition: effects of internal and external nitro-
gen. Soil Biol. Biochem. 33, 465–474.

Walter, J.-M.N., Fournier, R.A., Soudani, K., Meyer, E., 2003. Integrating clumping effects in
forest canopy structure: an assessment through hemispherical photographs. Can.
J. Remote. Sens. 29, 388–410.

Wanner, W., Li, X., Strahler, A.H., 1995. On the derivation of kernels for kernel-driven
models of bidirectional reflectance. J. Geophys. Res. 100, 21077–21089.

Wanner, W., Strahler, A., Hu, B., Lewis, P., Muller, J.P., Li, X., et al., 1997. Global retrieval of
bidirectional reflectance and Albedo over land from EOS MODIS and MISR Data: The-
ory and algorithms. J. Geophys. Res. 102, 17143–17162.

Warren-Wilson, 1963. Estimation of foliage denseness and foliage angle by inclined point
quadrats. Aust. J. Bot. 11, 95–105.

Weiss, M., Baret, F., Garrigues, S., Lacaze, R., 2007. LAI and fAPAR CYCLOPES global prod-
ucts derived from VEGETATION. Part 2: validation and comparison with MODIS col-
lection 4 products. Remote Sens. Environ. 110, 317–331.

Weiss, M., Baret, F., Smith, G.J., Jonckheere, I., Coppin, P., 2004. Review of methods for in
situ leaf area index (LAI) determination: part II. Estimation of LAI, errors and sam-
pling. Agric. For. Meteorol. 121, 37–53.

Weiss, M., Baret, F., 2010. CAN-EYE V6.1 User Manual. http://www6.paca.inra.fr/can-eye/
Documentation-Publications/Documentation.

Whitford, K., Colquhoun, I., Lang, A., Harper, B., 1995.Measuring leaf area index in a sparse
eucalypt forest: a comparison of estimates from direct measurement, hemispherical
photography, sunlight transmittance and allometric regression. Agric. For. Meteorol.
74, 237–249.

Xiao, Z., Liang, S., Sun, R., Wang, J., Jiang, B., 2015. Estimating the fraction of absorbed pho-
tosynthetically active radiation from the MODIS data based GLASS leaf area index
product. Remote Sens. Environ. 171, 105–117.

http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0185
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0185
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0185
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0190
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0190
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0190
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0195
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0195
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0195
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0200
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0200
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0200
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0205
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0205
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0210
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0210
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0210
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0215
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0215
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0220
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0220
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0220
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0225
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0225
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0225
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0230
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0230
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0230
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0235
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0235
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0235
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0240
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0240
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0240
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0245
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0245
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0245
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0250
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0250
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0250
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0250
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0255
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0255
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0255
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0260
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0260
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0260
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0265
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0265
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0270
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0270
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0275
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0275
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0275
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0280
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0280
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0285
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0285
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0285
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0290
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0290
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0290
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0295
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0295
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0295
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0300
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0300
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0300
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0305
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0305
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0310
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0310
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0310
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0315
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0315
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0315
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0320
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0320
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0325
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0325
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0325
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0330
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0330
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0335
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0335
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0335
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0340
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0340
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0340
http://www6.paca.inra.fr/can-eye/Documentation-Publications/Documentation
http://www6.paca.inra.fr/can-eye/Documentation-Publications/Documentation
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0350
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0350
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0350
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0350
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0355
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0355
http://refhub.elsevier.com/S0034-4257(16)30419-9/rf0355

	Estimation of canopy clumping index from MISR and MODIS sensors using the normalized difference hotspot and darkspot (NDHD)...
	1. Introduction
	2. Materials and methods
	2.1. Remote sensing data
	2.1.1. MISR multi-angle reflectance data (275m)
	2.1.2. MODIS BRDF parameter data (500m)

	2.2. Field CI data from the VALERI database
	2.3. Estimation and evaluation of remote sensing CI
	2.3.1. Estimation of CI from MISR and MODIS with different configurations
	2.3.2. Evaluation of CI


	3. Results
	3.1. MISR CI and validation
	3.1.1. Hotspots and darkspots estimated from different configurations
	3.1.2. Validation of MISR CI with different configurations

	3.2. Validation of MODIS CI with different configurations
	3.3. Temporal variation of CI
	3.4. Relationship between CI and LAI

	4. Discussion
	4.1. Estimation of CI using NDHD method
	4.2. CI validation and upscaling methods
	4.3. Seasonal variation of CI and LAI
	4.4. Uncertainties of field CI


	This link is http://www6.paca.inra.fr/can-eye/
	5. Conclusion
	Acknowledgments
	Appendix A
	References

	This link is http://eospso.nasa.gov/

