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The fraction of absorbed photosynthetically active radiation (FAPAR) is a critical input innumerous climatological
and ecological models. The targeted accuracy of FAPAR products is 10%, or 0.05, for many applications. However,
most of the FAPAR products in current usage have not yet fulfilled the accuracy requirement, thus requiring fur-
ther improvements. In this study, a new FAPAR estimationmodel is developed on the basis of the radiative trans-
fer (RT) for a horizontally homogeneous continuous canopy. The spatially explicit parameterization of leaf-
scattering and soil background reflectance is derived from a 13-year Moderate Resolution Imaging
Spectroradiometer (MODIS) albedo database. The new algorithm requires the input of leaf area index (LAI),
which is estimated by a hybrid geometric optical-RT model suitable for both continuous and discrete vegetation
canopies in this study. The model calculated radiative surface fluxes, i.e., canopy reflectance, absorption, and
transmittance, are comparedwith the reference data from Radiation transferModel Intercomparison (RAMI) ex-
ercise. The evaluation results show that the model estimated FAPAR has an uncertainty of 0.08 over homoge-
neous and heterogeneous canopies. The FAPAR estimates from the new model are intercompared with
reference satellite FAPAR products and validatedwith ground-basedmeasurements at the Validation of Land Eu-
ropeanRemote Sensing Instruments (VALERI) AmeriFlux experimental sites. The validation results show that the
FAPAR estimates from the new model are comparable to or slightly better in performance than the MODIS and
the Multi-angle Imaging SpectroRadiometer (MISR) FAPAR products when using corresponding satellite LAI
product values as the input. The FAPAR estimates are further improved when using the new LAI estimates
from the hybrid model as the input. The new model adequately identifies the growing seasons and produces
smooth time series curves of estimated FAPAR during a specific duration. The uncertainty is reduced to 0.1
when validating with total FAPAR measurements, and 0.08 when validating with green FAPAR measurements.
The improvements are apparent in grasslands and forests with an uncertainty reduction of 0.06. The regional-
scale application of the presented model generates consistent FAPAR maps at spatial resolutions of 30 m,
500 m, and 1 km from the Landsat, MODIS, and MISR data, respectively.
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1. Introduction

Vegetation plays a key role in the global energy balance, carbon
cycle, and water budget of the Earth by controlling the exchanges be-
tween the lower atmosphere and the continental biosphere. Vegetation
photosynthesis is responsible for the conversion of about 50 PgC yr−1 of
atmospheric CO2 into biomass,which represents about 10% of the atmo-
spheric carbon content (Carrer et al., 2013). Land-use changes, mainly
attributed to deforestation, have led to an emission level of
1.7 PgC yr−1 in the tropics, offsetting by a small amount of uptake of
about 0.1 PgC in temperate and boreal areas—thereby producing a net
source of around 1.6 PgC yr−1 (Houghton, 1995). One of the most im-
portant factors to monitor vegetation growth is the distribution of the
fraction of absorbed photosynthetically active radiation (FAPAR) within
vegetation as it constrains the photosynthesis rate through the energy
absorbed by the vegetation. The FAPAR is the fraction of incoming
solar radiation in the spectral range from 400 nm to 700 nm that is
absorbed by plants (Chen, 1996; Liang et al., 2012; Sellers et al., 1997).
As one of the 50 Essential Climate Variables (ECVs) recognized by the
UN Global Climate Observing System (GCOS, 2011), FAPAR is a critical
input parameter in the biogeophysical and biogeochemical processes
described by numerous climatological and ecological models, such as
the Community Land Model, the Community Earth System Model, and
crop growth models (Bonan et al., 2002; Kaminski et al., 2012; Maselli
et al., 2008; Tian et al., 2004). The Moderate Resolution Imaging
Spectroradiometer (MODIS) FAPAR product (MOD15) is a critical
input for MODIS evapotranspiration (MOD16), in addition to gross
(GPP) and net primary production (NPP) products (MOD17) (Liang et
al., 2012). A 10% increase in FAPAR would result in equal amounts of
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GPP, NPP, and carbon sink increases. Hall et al. (2006) conducted sensi-
tivity analysis and determined that NPP is largely driven by FAPAR in the
Carnegie Ames Stanford Approach (CASA) model, with weaker effects
from the lower variability of PAR and lower sensitivity to temperature
and precipitation.

Despite the existence of the aforementioned numbers, the spatial
distributions of carbon sources and sinks remain a core question and a
subject of debate for the broad scientific community. In this regard, an
improved representation of vegetation status in the ecologicalmodeling
is desirable. The reliable estimates of GPP, NPP, and carbon flux depend
on high FAPAR input accuracy. An accuracy of ±0.05, or relative accura-
cy of 10%, in FAPAR is considered acceptable to describe the vegetation
properties precisely and can be effectively applied in agronomical and
other applications (GCOS, 2011).

FAPAR can be derived from ground measurements, although the
point-scale groundmeasurements are insufficient for regional or global
coverage (Li et al., 1995). Satellite sensors efficiently acquire land sur-
face information at regional and global scales, representing new oppor-
tunities for monitoring biophysical parameters (Asner et al., 1998). The
estimation of FAPAR from optical remote sensing is based on physical
models or empirical relationships (Liang, 2007). Empirical relationships
between FAPAR and observations or derivatives from observations are
established without knowledge of the underlying physical mechanism
in the radiative transfer (RT) process. Therefore, simplicity is the prima-
ry advantage (Gobron et al., 1999). However, no unique relationship be-
tween FAPAR and the vegetation index is universally applicable to all
conditions because canopy reflectance is also dependent on other fac-
tors such as geometrical measurement and spatial resolution (Asrar et
al., 1992; Friedl, 1997). Moreover, the relationship between FAPAR
and the vegetation index such as the normalized difference vegetation
index (NDVI) is quite sensitive to the reflectance of backgroundmateri-
al (Asrar et al., 1992). Physical models analyze the interactions between
solar radiation and vegetation canopies and reveal cause–effect rela-
tionships (Pinty et al., 2011;Widlowski et al., 2007). They are generally
applicable to most conditions including over different land covers and
during different time periods, although they require complex parame-
terizations. This study focuses on improving FAPAR accuracy under var-
ious conditions, and thus chooses to develop physical models.

Physical models for the retrieval of biophysical characteristics from
reflected radiation of canopy can be divided into several classes
(Liang, 2004): RT, geometric-optical, hybrid, and Monte Carlo, in addi-
tion to other computer simulations. The pure geometric-optical model
considers only single scattering within the canopy, whereas an RT
model also includes multiple scattering. Monte Carlo models and com-
puter simulations are based on RT principles but are executed following
random events rather than explicit formulae, and therefore are compu-
tationally intensive. They may be used as surrogate truths to evaluate
other RT and geometric-optical models (Widlowski, 2010; Widlowski
et al., 2007). An RT model is developed to calculate FAPAR in this
study because of its theoretically high accuracy by including both single
and multiple scattering and efficiency by following the explicit
formulae.

In addition to the retrieval model performance, the determinants of
FAPAR accuracy can be traced to the accuracy of such input parameter as
leaf area index (LAI), soil background reflectance, and fractional canopy
cover. LAI is one of themost important parameters in the determination
of FAPAR, and its accuracy directly influences that of FAPAR. A 10%
change in tree LAI could account for a 55% change in FAPAR (Asner et
al., 1998). The collection of soil background reflectance is important
for guaranteeing that the simulated reflectance can cover the entire
set of observed surface reflectance data (Fang et al., 2012; Knyazikhin
et al., 1998b; Shabanov et al., 2005). Otherwise, saturation of the rela-
tionship between FAPAR and surface reflectance may occur; very high
FAPAR values are not reliable (Weiss et al., 2007). The correct estima-
tion of FAPAR also relies on that of fractional canopy cover, the underes-
timation of which might cause unrealistically high FAPAR values
(Kanniah et al., 2009). In addition to the development of new FAPAR re-
trievalmodels suitable for various land-cover types, this study also aims
at improving the accuracy of FAPAR estimates by using more accurate
model inputs such as LAI and soil background and leaf-scattering albe-
dos (Xiao et al., 2015b). The LAI is calculated by using a hybrid geomet-
ric-optic RT model considering the shadowing and multiple scattering
in the canopy (Tao et al., 2009; Xu et al., 2009). The soil background
and leaf-scattering albedo are generated from long time series of surface
anisotropy products (He et al., 2015; Tao et al., 2013). The FAPAR esti-
mates from this study is green FAPAR considering both direct and dif-
fuse radiation, which are validated with in-situ green and total FAPAR
measurements (Tao et al., 2015).

The direct validation of satellite FAPAR products with ground mea-
surements has generated some encouraging results, particularly when
comparedwith previous versions of FAPAR products. TheMODIS Collec-
tion 4 FAPAR product has been validated with groundmeasurements to
demonstrate an accuracy of 0.2 (Baret et al., 2007; Fensholt et al., 2004;
Huemmrich et al., 2005; Olofsson and Eklundh, 2007; Steinberg et al.,
2006; Turner et al., 2005; Weiss et al., 2007; Yang et al., 2006), and
the MODIS Collection 5 FAPAR product presents an improved accuracy
to around 0.1 (Baret et al., 2013; Camacho et al., 2013; Martinez et al.,
2013; McCallum et al., 2010; Pickett-Heaps et al., 2014; Xiao et al.,
2015a). This improvement could be the result of a new stochastic RT
model, which adequately captures the 3D effects of foliage clumping
and species mixtures of natural ecosystems (Kanniah et al., 2009). The
Multi-angle Imaging SpectroRadiometer (MISR) FAPAR product ex-
hibits performance similar to that of the MODIS C5 FAPAR product.
However, the MODIS and MISR FAPAR products might show overesti-
mation at certain sites. For example, Martinez et al. (2013) reported
that MODIS tends to provide high values in cultivated areas and Medi-
terranean forests, such as the Puechabon. The MODIS FAPAR product
may also have positive bias for very low FAPAR values. A similar overes-
timation problemhas been detected inMISR FAPARdata,with a positive
bias as large as 0.16 in broadleaf forests (Hu et al., 2007). In addition to
the overestimation problem, underestimations have been detected in
the MODIS Collection 4 FAPAR product for certain sites in Switzerland
(Olofsson and Eklundh, 2007). Overall, the current FAPAR products are
close to, but have not fulfilled, the accuracy requirement, and further
improvements are still needed (Tao et al., 2015).

This study tests howwell the FAPAR accuracy can be improved from
multiple satellite surface reflectance products with a new model and
more accurate model inputs. Section 2 introduces data for FAPAR esti-
mation and validation, and Section 3 describes a new model for FAPAR
retrieval. The FAPAR estimates from this new model are compared
with reference data and validated with in-situ measurements at the
site scale in Section 4, and the model is applied to multiple resolution
images at the regional scale in Section 5. Section 6 offers a discussion
of the findings and conclusions.

2. Data

The data used in this study include satellite surface reflectance data,
FAPAR products derived fromMODIS andMISR, and FAPAR in-situmea-
surements from two groups of experimental sites.

2.1. Satellite surface reflectance

The MODIS, MISR, Landsat Thematic Mapper (TM), and Enhanced
Thematic Mapper Plus (ETM+) reflectance data are used for FAPAR es-
timation. Satellite surface reflectance products for FAPAR retrieval are
listed in Table 1. Different spatial resolutions of FAPAR estimates can in-
duce the scaling effect of FAPAR, which occurs when the surface is het-
erogeneous and the retrieval algorithm is nonlinear (Tao et al., 2009; Xu
et al., 2009). Because of the scale difference, the validation results at
more homogeneous sites are expected to have a higher FAPAR accuracy.
We evaluate the heterogeneity around the validation sites as described



Table 1
The characteristics of satellite surface reflectance products used in this study.

Reflectance product Temporal coverage Temporal resolution Spatial resolution Projection

MODIS MOD09 (C5) (WWW1) Feb 18, 2000– 8 days 500 m Sinusoidal
MISR (L2) (WWW2) Feb 24, 2000– Equator: 9 days, Polar: 2 days 1 km Space Oblique Mercator
TM (WWW3) Mar 1, 1984– 16 days 30 m Universal Transverse Mercator (UTM)
ETM+ (WWW3) Apr 15, 1999– 16 days 30 m UTM

Table 2
The characteristics of moderate-resolution satellite FAPAR products used in this study.

FAPAR product Temporal
coverage

Temporal
resolution

Spatial
resolution

Projection Algorithm

MODIS MOD15 (C5)
(WWW1)

Feb 18,
2000–

8 days 1 km Sinusoidal Look up table method built on 3D stochastic radiative transfer model for different
biomes (Myneni et al., 2002).

MISR (L2)
(WWW2)

Feb 24,
2000–

Equator: 9 days,
Polar: 2 days

1 km Space Oblique
Mercator

Radiative transfer (RT) model with inputs of LAI and soil reflectance without
assumptions on biomes (Knyazikhin et al., 1998a).
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in Tao et al. (2015). The FAPAR accuracy at different sites is analyzed and
the impact of site heterogeneity on FAPAR accuracy is explored.

2.2. Satellite FAPAR products

The FAPAR estimates are compared with the MODIS and MISR
FAPAR products (Hu et al., 2003; Knyazikhin et al., 1998a; Myneni et
al., 2002). Satellite FAPAR products have certain differences in the prod-
uct definitions regarding the inclusion or exclusion of diffuse radiation.
TheMISR FAPAR product is the total FAPAR at 10:30 am local time, con-
sidering both direct and diffuse radiation absorbed by the entire canopy.
The MODIS FAPAR product considers only direct radiation, which may
result in a smaller value than that of the MISR FAPAR (Hu et al., 2003;
Tao et al., 2015). Regardless of the definition, differences among
FAPAR products vary by land cover and are larger than expected. The
poorest agreement in the FAPAR magnitude among the datasets occurs
within mixed and needleleaf forests. Agreement among datasets does
not imply accuracy; however, a greater number of datasets that agree
over a particular area increases the likelihood that those datasets cap-
ture the variable correctly (McCallum et al., 2010).

The spatial and temporal resolutions and temporal coverage infor-
mation of the satellite FAPAR products used in this paper, as well as
their retrieval algorithms, are listed in Table 2. The spatial resolutions
of satellite FAPAR products are both 1 km, although the temporal reso-
lutions vary from two to nine days. The temporal values of ground-
based FAPAR are aggregated to the temporal resolutions of satellite
FAPAR products to validate their accuracy.

2.3. FAPAR in-situ measurements

The FAPAR validation data are derived from two groups of exper-
imental sites: Validation of Land European Remote sensing Instru-
ments (VALERI, WWW4) and AmeriFlux (WWW5). The VALERI
sites are widely distributed around the world and useful for spatial
validation over different land-cover types (Camacho et al., 2013;
Weiss et al., 2007). The AmeriFlux sites are intended for the temporal
validation of FAPAR estimates and products, therefore those
AmeriFlux sites are selected with at least three years of ground-
based continuous measurements of FAPAR. The 27 validation sites
include 9 forest sites comprising 1 AmeriFlux and 8 VALERI, 12 crop
sites comprising 3 AmeriFlux and 8 VALERI, 6 grass sites of VALERI,
and 1 shrubland site of VALERI. Their distributions are shown in
Fig. 1.

Four components are measured to compute FAPAR at AmeriFlux
sites, including incoming and outgoing solar flux and flux from and
to the ground. Incoming (outgoing) solar flux is measured with Li-
Cor point quantum sensors aimed upward (downward), and placed
at approximately 6 m above the ground. Flux transmitted through
the canopy to the ground is measured with Li-Cor line quantum sen-
sors placed at approximately 2 cm above the ground, pointing up-
ward. Flux reflected by the ground was measured with Li-Cor line
quantum sensors placed approximately 12 cm above the ground,
pointing downward (Hanan et al., 2002). Hourly FAPAR is calculated
as the ratio of absorbed photosynthetically active radiation and in-
coming solar flux. All the daytime radiation values were computed
by integrating the hourly measurements during a day when incom-
ing solar flux exceeded 1 μmol/m2/s, and daily FAPARwas then calcu-
lated. Digital hemispherical photos are used to calculate FAPAR at
VALERI sites, which corresponds to the fraction of intercepted PAR.
High spatial resolution remote sensing data are used as a bridge to
obtain the FAPAR values in the medium resolution pixels. The differ-
ences in the interception and absorptions are small (b5%), which are
considered by adding error bars on the in-situ data in this study
(Serbin et al., 2013).
3. Methodology

In moderate-resolution images, vegetation pixels are almost continuously distributed across large regions. Therefore, we assume that the land
cover is horizontally homogeneous within the targeted surface, and we develop a four-stream RT model of continuous canopy for FAPAR retrieval.
Canopy absorptance along the direct- and diffuse-light penetrating paths are calculated separately and summed by using a ratio of scattering
light. We denote T0, Tf, and Tv as the canopy transmittance along the direct-light penetrating, the diffuse-light penetrating, and the observing
paths, respectively, and ρv,λ, ρg,λ, and ρc,λ as the hemispherical albedos of vegetation, soil background, and leaf, respectively. FAPAR is calculated
as the integral of canopy absorptance in the upper hemisphere from 400 nm to 700 nm, in the following manner:

FAPAR ¼ 1−βð Þ
Z 700

400

Z π
2

0
1−T0−2ρv;λ θð Þ� �þ 1−Tv θð Þ−2ρv;λ θð Þ� � T0ρg;λ

1−ρg;λρv;λ θð Þ

" #
cosθ sinθdθdλ

þβ
Z 700

400

Z π
2

0
1−T f−2ρv;λ θð Þ� �þ 1−Tv θð Þ−2ρv;λ θð Þ� � T fρg;λ

1−ρg;λρv;λ θð Þ

" #
cosθ sinθdθdλ
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Fig. 1. The distributions of the 27 validation sites. The four AmeriFlux sites in theUnited States are covered in the two study regions in Section 5. ThreeAmeriFlux and threeVALERI sites are
close to each other, which may not be distinguishable at the global scale here.
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where the canopy transmittance along the direct-light penetrating, the diffuse-light penetrating, and the observing paths is:

T0; f ;v ¼ exp −λ0
Gs; f ;v

μs; f ;v
LAI

 !
ð2Þ

and hemispherical albedo of vegetation is:

ρv;λ θð Þ ¼ ρc;λ 1− exp −λ0
Gv

μv θð Þ Γ ϕð ÞLAI
� �� �

þ

βρc;λ exp −λ0
Gv

μv θð Þ Γ ϕð ÞLAI
� �

− exp −λ0
Gv

μv θð Þ LAI
� �� � ð3Þ

In Eqs. (2) and (3), λ0 is a Nilson parameter accounting for the vegetation clumping effect; μs and μv(θ) are the cosine values of solar (θs) and view-
ing (θ) zenith angles, respectively; β is the ratio of scattering light; and Gs and Gv are the mean projections of a unit foliage area along the solar and
viewing directions, respectively (Liang, 2004; Ross, 1981):

Gs;v ¼ 1
2π

Z
2π
gL ΩLð Þ ΩL �Ωs;v

�� ��dΩL ð4Þ

where 1/2π ⋅gL(ΩL) is the probability density of a distribution of leaf normals with respect to the upper hemisphere, i.e., leaf-angle distribution.
An empirical function Γ(ϕ) in Eq. (3) describes the hot-spot phenomenon, where ϕ accounts for sun–target–sensor position and depends on the

angle between solar and viewing directions and the leaf-angle distribution of the canopy.

Γ ϕð Þ ¼ exp
−ϕ

180−ϕ

� �
ð5Þ

The LAI is assumed known for FAPAR estimation, as a hybrid geometric optic-radiative transfer model for LAI retrieval has been previously devel-
oped and is included in the Appendix for convenience (Tao et al., 2009; Xu et al., 2009).

Other important inputs for FAPAR estimation proposed in this study are soil background and leaf-scattering albedos. Certain typical soil back-
ground and leaf-scattering albedos could be used for simplicity, but they may deviate from local conditions. Considering the applicability of surface
albedos at local conditions, we establish a database of soil background and leaf-scattering albedos upon 13 years of surface albedo time series (He et
al., 2015; Tao et al., 2013). The multi-year mean soil background and leaf-scattering albedo were generated by using the 500 m spatial resolution
MODIS surface anisotropy products (MCD43A) during the period 2000–2012. The soil-line characteristics are used to separate vegetation and bare
soil on a pixel basis over the United States. The leaf-scattering albedo is generated from the vegetation albedo at the peak of the growing season.
Therefore, the database provides local pixel-based soil background and leaf-scattering albedos as inputs for FAPAR estimation models. The compo-
nent albedos can be used to derive biophysical variables such as LAI, FAPAR, GPP, and they also serve as inputs in land surface models to characterize
surface energy budget. Fig. 2 shows examples of the derived soil background and leaf-scattering albedos.

Overall, the FAPAR estimationmodel described in Eqs. (1)–(5) accounts for reflective anisotropic characteristics caused by sun–target–sensor ge-
ometry, the vegetation clumping effect, and the hot-spot effect. In consideration of model simplicity and computational efficiency, it neglects reflec-
tive anisotropic characteristics caused by leaf and soil background. The parameters of the new FAPARmodel are LAI, λ0, G, ρc,λ, ρg,λ, and θs. The LAI is
calculated from a hybrid geometric optic-radiative transfer model, θs is extracted from satellite data, and the other parameters (λ0, G, ρc,λ, and ρg,λ)
are from prior knowledge or locally applicable database. For simplicity, themodel is referred to as the 4Smodel hereafter. The FAPAR estimated from



Fig. 2. The soil background (left) and leaf-scattering (right) albedos at the red band on clear days in a 13-year surface albedo database within the extent of a MODIS tile H10V04.
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the model is green FAPAR considering both direct and diffuse radiation. Most of the current FAPAR products do not consider absorption by diffuse
radiation, and no official green FAPAR product including both direct and diffuse radiation is available this far (Tao et al., 2015). Therefore, this
study serves as a good complement to the current FAPAR products.
4. Validation and comparison with reference data

4.1. Comparison with the RAMI reference data

The model is used to simulate the spectral characteristics of the
scenes in the fourth phase of the Radiation transferModel Intercompar-
ison (RAMI) exercise in the Project for Intercomparison of Land-Surface
Parameterizations (PILPS). The RAMI4PILPS suite of experiments in-
cludes structurally homogeneous test cases (grassland and closed for-
est) and heterogeneous test cases (open forest and shrubland). The
architecture, spectral properties and illumination conditions of the can-
opy are described in each case. The participants are required to deliver
three radiative surfacefluxes: canopy reflectance, absorption, and trans-
mittance. The results are evaluated by the reference data from the
three-dimensional Monte Carlo model, raytran (Govaerts and
Verstraete, 1998). More details of the experiments are available in
Widlowski et al. (2011; 2008) and WWW6.

The comparisons between the model calculated radiative surface
fluxes and the reference data are shown in Fig. 3. The model simulated
reflectance, transmittance, and absorption agreewell with the reference
data. The R2 is above 0.91, the root mean square error (RMSE) is around
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open forest (◊), and shrubland (*). The canopy with LAI of 0.25 is displayed in magenta, 0.5 in
0.07, and the bias is b0.06. The comparison results prove the feasibility
of the model to simulate canopy spectral characteristics accurately.

More specifically, the model simulated reflectance, transmittance,
and absorption in the near infrared band agree well with the reference
data of RAMI (Fig. 4). The R2 is around 0.85, RMSE is around 0.07, and
the bias is around 0.04. The comparisons of the radiative surface fluxes
in the visible band are shown in Fig. 5. The R2 is above 0.93, RMSE is
around 0.05, and the bias is around 0.03. The comparison results further
prove the feasibility of themodel to simulate canopy spectral character-
istics in the NIR and visible bands accurately. Compared with the statis-
tics in the NIR band, higher accuracy of simulated radiative surface
fluxes is obtained in the visible band. The RAMI experiment shows
that themodeled FAPAR has an uncertainty of 0.076 and a slight under-
estimation of 0.046.

Themean of the absolute values of the deviations from the reference
data in homogeneous and heterogeneous canopies in the visible and
NIR domain is provided in Table 3. The standard deviations of the abso-
lute values of the deviations are included in the table as well. Themodel
shows a better performance over homogeneous vegetation canopies
than over heterogeneous vegetation canopies in the visible band. How-
ever, the model has a better performance over heterogeneous
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Fig. 4. Scatterplots of canopy reflectance, transmittance, and absorption in the near infrared band between themodel and the RAMI reference data for the four vegetation types: grassland
(Δ), closed forest (□), open forest (◊), and shrubland (*). The canopy with LAI of 0.25 is displayed in magenta, 0.5 in blue, 1 in cyan, 1.5 in green, 2 in yellow, 2.5 in red, and 4 in black,
respectively.
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Fig. 5. Scatterplots of canopy reflectance, transmittance, and absorption in the visible band between the model and the RAMI reference data for the four vegetation types: grassland (Δ),
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vegetation canopies than over homogeneous vegetation canopies in the
NIR band. This study focuses on estimating FAPAR in the visible band.
The statistics shows that the modeled FAPAR has an average error of
0.059 over homogeneous and heterogeneous vegetation canopies.

4.2. Validation and comparison with the MODIS official FAPAR product

The near infrared and visible bands of the NASA MODIS surface re-
flectancedata (MOD09) are used to estimate vegetation LAI, and the vis-
ible bands are used to estimate FAPAR by using the presented model.
Themodel calculated FAPAR are validatedwith ground-basedmeasure-
ments and compared with the MODIS FAPAR products in this subsec-
tion. The quality flags are used to select high-quality MODIS data with
main algorithm retrievals. As control experiments, the FAPAR is esti-
mated directly from the MODIS surface reflectance data (referred to as
MOD_4SH-based FAPAR) or from the MODIS official LAI product (re-
ferred to as MOD_4SO-based FAPAR). The FAPAR estimates by the pre-
sented model are compared with the MODIS FAPAR product and
validated against 3 years of ground-based continuous measurements
of FAPAR at 4 AmeriFlux sites (Fig. 6). The homogeneity index is higher
at the Bartlett experimental deciduous broadleaf forest and Mead Irri-
gated crop sites than that at the Mead Rainfed crop site (Tao et al.,
Table 3
Average values of the absolute model-to-reference difference, expressed in percent for the mod
frared domains for homogeneous and heterogeneous vegetation canopies.

Band Homogeneous vegetation canopies

Absorption Reflectance Transmittanc

Visible 5.30 ± 7.60 0.93 ± 0.79 1.94 ± 1.76
NIR 10.83 ± 8.22 5.83 ± 5.34 8.26 ± 6.95
Both 8.03 ± 8.36 3.38 ± 4.53 5.10 ± 5.96
2015). Therefore, both FAPAR products and estimates from this study
have a higher validation accuracy at the Bartlett site, followed by that
at the Mead Irrigated sites, and the Mead Rainfed site. Compared with
the MODIS FAPAR product, the FAPAR estimated from the presented
model has an increased R2 for all of the four sites (Table 4). The im-
provement is most obvious at the Mead Irrigated Rotation and Bartlett
sites, where the R2 is improved by around 20%. Because the model pre-
sented in this study is suitable for homogenous landscape, more signif-
icant improvements are expected at these sites.

Compared with theMOD_4SO-based FAPAR from the control exper-
iment, the MOD_4SH based-FAPAR has similar RMSE although the R2 is
improved by about 8% on average. The FAPAR measurements at Mead
Irrigated, Mead Irrigated Rotation, and Mead Rainfed sites reach zero
before early April and aftermid-November, which is a result of crop har-
vesting at those locations. The values of the MODIS FAPAR product at
the three Mead sites are larger zero at the beginning and the end of
the year, which could be caused by the heterogeneous land cover inside
the 1 × 1 km extent of the MODIS FAPAR pixel. The FAPAR estimated
from the MODIS official LAI product (MOD_4SO-based FAPAR) are sim-
ilar to the MODIS FAPAR product, with a smooth curve over the years.
The MOD_4SH-based FAPAR are derived from the model using surface
reflectance data at the 500 m spatial resolution. Combined with locally
el simulated canopy absorption, reflectance, and transmittance in the visible and near-in-

Heterogeneous vegetation canopies

e Absorption Reflectance Transmittance

6.43 ± 5.97 2.00 ± 3.02 6.46 ± 6.05
7.90 ± 6.07 3.45 ± 5.30 6.77 ± 4.47
7.05 ± 6.03 2.72 ± 4.36 6.61 ± 5.30
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applicable soil background albedo data, themodel can detect vegetation
growing season well and reduce the FAPAR uncertainty by 5%. The im-
provement of the MOD_4SH-based FAPAR over the MOD_4SO-based
FAPAR results from the use of improved LAI values as model input.
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underestimation occurred in the FAPAR estimates at three crop sites in
the latter halves of the years, specifically at the end of the growing sea-
son. This result is caused by the senescence and yellow alteration of the
leaves; thus, the FAPAR from remote sensing (green FAPAR) differs from
themeasurements (total FAPAR) (Vina and Gitelson, 2005; Zhang et al.,
2005). The FAPAR estimates from this study and the MODIS FAPAR
products are lower than the ground-based measurements at the end
of the growing season at the Bartlett forest site. This is because in-situ
measured FAPAR includes the absorption of tree trunks and branches,
whichdominates total absorption, particularly at the endof the growing



Table 4
Statistics of comparisons between ground-based and space products and the estimates from this study.

Site FAPAR Regression equation RMSE Bias R2

Mead Irrigated MODIS official product y = 0.476 x + 0.175 0.140 0.009 0.667
MISR official product y = 0.600 x + 0.251 0.153 0.072 0.756
MOD_4SO based y = 0.416 x + 0.209 0.116 0.024 0.687
MIS_4SO based y = 0.588 x + 0.320 0.136 0.135 0.789
MOD_4SH based y = 0.717 x + 0.007 0.139 −0.083 0.773
MIS_4SH based y = 0.832 x + 0.062 0.132 −0.012 0.889
Landsat_4SH based y = 0.764 x − 0.010 0.224 −0.087 0.692

Mead Irrigated Rotation MODIS official product y = 0.454 x + 0.244 0.161 0.098 0.546
MISR official product y = 0.598 x + 0.271 0.157 0.104 0.732
MOD_4SO based y = 0.401 x + 0.277 0.136 0.116 0.569
MIS_4SO based y = 0.533 x + 0.278 0.139 0.083 0.736
MOD_4SH based y = 0.749 x + 0.016 0.141 −0.051 0.809
MIS_4SH based y = 0.772 x + 0.129 0.181 0.034 0.774
Landsat_4SH based y = 0.854 x − 0.021 0.170 −0.053 0.823

Mead Rainfed MODIS official product y = 0.482 x + 0.222 0.143 0.070 0.626
MISR official product y = 0.512 x + 0.267 0.163 0.047 0.622
MOD_4SO based y = 0.418 x + 0.258 0.127 0.086 0.625
MIS_4SO based y = 0.482 x + 0.341 0.149 0.107 0.637
MOD_4SH based y = 0.611 x + 0.046 0.107 −0.069 0.632
MIS_4SH based y = 0.865 x + 0.073 0.106 0.012 0.918
Landsat_4SH based y = 0.855 x − 0.022 0.217 −0.053 0.731

Bartlett MODIS official product y = 0.969 x − 0.064 0.203 −0.089 0.566
MISR official product y = 1.188 x − 0.198 0.125 −0.086 0.842
MOD_4SO based y = 0.833 x + 0.079 0.122 −0.033 0.729
MIS_4SO based y = 0.987 x − 0.068 0.097 −0.076 0.858
MOD_4SH based y = 0.808 x + 0.040 0.124 −0.089 0.709
MIS_4SH based y = 0.929 x − 0.041 0.085 −0.083 0.898
Landsat_4SH based y = 1.322 x − 0.340 0.133 −0.078 0.790

MOD_4SO based: the FAPAR estimates using MODIS official LAI product and the presented model.
MIS_4SO based: the FAPAR estimates using MISR official LAI product and the presented model.
MOD_4SH based: the FAPAR estimates using MODIS surface reflectance data and the presented model.
MIS_4SH based: the FAPAR estimates using MISR surface reflectance data and the presented model.
Landsat_4SH based: the FAPAR estimates using Landsat surface reflectance data and the presented model.
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season when leaf coverage is absent (Fang et al., 2005). Consequently,
the validation accuracy of the MODIS FAPAR product is improved from
0.140 to 0.082 and that of MOD_4SH-based FAPAR is improved from
0.139 to 0.069 when using green FAPAR measurements as validation
data. However, the calculation of green FAPAR requires additional si-
multaneous measurements of green LAI and total LAI to distinguish be-
tween green leaves and yellow leaves. The process is labor extensive,
and thus green FAPAR measurements are not collected for all the
years. Therefore, total FAPAR measurements are used as the main vali-
dation data in this study, considering its temporal continuity.

The MODIS FAPAR product and the FAPAR estimates from this study
are validated with ground measurements of VALERI. The results are
shown in Fig. 7. Overall, the MOD_4SO-based FAPAR has slightly in-
creased R2 and decreased RMSE comparedwith theMODIS FAPAR prod-
uct. Both the MODIS FAPAR product and MOD_4SH-based FAPAR have
little bias (b0.02) comparedwith in-situ data; however, the FAPAR esti-
mates from this study have better correlation with in-situ data and
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smaller RMSE than the MODIS FAPAR product. The improvements of
theMOD_4SH-based FAPARover theMOD_4SO-based FAPARare attrib-
uted to the improved LAI values as input. The MODIS FAPAR product
performs well at shrubland and crop sites; however, the deviations
from in-situ values are large at forest and grass sites. The FAPAR esti-
mates from this study reduced the uncertainty at forest and grass sites
from 0.155 to 0.094. The FAPAR estimates and products are lower
than ground-based measurements at some forest sites. This is because
in-situ measurements of FAPAR include the absorption of tree trunks
and branches, while remotely sensed FAPAR is mainly related to that
of green leaves.

4.3. Validation and comparison with the MISR official FAPAR product

TheMISR surface directional reflectance data are used to estimate
vegetation LAI and FAPAR values using the presented model. More-
over, the FAPAR estimates are compared with the MISR FAPAR
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product. In the control experiments, the FAPAR is estimated directly
from the MISR surface directional reflectance data (referred to as
MIS_4SH-based FAPAR) or from the MISR official LAI product
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the MISR FAPAR product and the FAPAR estimates from this study
have higher values, particularly in the middle of the vegetation
growing season. The MIS_4SO-based FAPAR is similar to the MISR
FAPAR product, showing a smooth trend over the years. Compared
with the MISR FAPAR product, the FAPAR estimates by the presented
model have increased R2 for all four sites (Table 4). The improvement
is most obvious at the Bartlett Experimental forest site and Mead
Rainfed sites, with a reduction of RMSE by around 0.05. The improve-
ment of theMIS_4SH-based FAPAR over theMIS_4SO-based FAPAR is
also a result of using improved LAI values as input. The performance
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of the presented model is comparable to that of the MISR FAPAR
model when using the same LAI value as input.

TheMISR FAPAR product and the FAPAR estimates fromMISR reflec-
tance data by the presented model are validated at the VALERI sites, as
shown in Fig. 9. The MIS_4SO-based FAPAR has improved R2 and re-
duced RMSE values compared with the MISR FAPAR product. Both the
MISR FAPAR product and theMIS_4SH-based FAPAR have little positive
to almost no bias (b0.035) comparedwith in-situ data, although the lat-
ter has better correlation with in-situ data and smaller RSME than the
former. The improvement of the MIS_4SH over the MIS_4SO indicates
that the improvement of the FAPAR estimates is also a result of im-
proved LAI values as input. It should be noted that the RMSE of the
MISR FAPAR estimates, at 0.105, is slightly smaller than that of the
MODIS FAPAR estimates from this study, at 0.112. Both the MODIS
and the MISR FAPAR estimates from this study performed well at
grass and forest sites with an average accuracy of 0.104. The MISR
FAPAR estimates are improved at crop sites compared with the corre-
sponding MODIS FAPAR estimates.

4.4. Validation of the FAPAR estimates from Landsat data

The Landsat surface reflectance data are used to estimate vegetation
FAPAR, which are then validated with the in-situ measured FAPAR at
four AmeriFlux sites, as shown in Fig. 10. The statistics of comparisons
between the ground-based and Landsat FAPAR estimates are listed in
Table 4. The Landsat FAPAR estimates have good performance at the
Mead Irrigated Rotation and the Bartlett sites, and performance compa-
rable to theMODIS andMISR FAPAR products and theMODIS andMISR
FAPAR estimates of this study at the Mead Irrigated and Mead Rainfed
sites. The overall R2 at these sites is 0.76, and the bias is small, proving
the feasibility of the proposed method being applied to high-resolution
data.

The LAI and FAPAR estimated from the Landsat data are compared
with the in-situ measured FAPAR at VALERI sites, as shown in Fig. 11.
Both the LAI and FAPAR estimates have little positive bias (b0.045)
compared with in-situ data. The FAPAR estimates have a very low
RMSE and high correlation with in-situ data. Overall, the performance
of the FAPAR estimates is better than that of the LAI estimates possibly
because of the smaller range of FAPAR values than that of the LAI values.
Similarly, better performances are observed in the MODIS and MISR
FAPAR products than in the LAI products. The Landsat FAPAR estimates
from this study performwell for grass, forest, and shrubland land-cover
types, but are not as good as the MODIS and the MISR FAPAR estimates
at crop sites. This could be caused by the large uncertainty of the
clumping index in themodel over crops,which could bemore heteroge-
neous than other land covers due to the existence of row crops. The
Landsat FAPAR values are missing or invalid at five sites; thus, the re-
trieval rate of the Landsat FAPAR estimates is lower than that of MISR
and MODIS. Overall, improvements are noted when using high-resolu-
tion data, although some uncertainty is introduced by using soil/leaf al-
bedos from another sensor and by cloud contamination of the Landsat
data.

5. Application at the regional scale

The FAPAR estimation results are validated at the site scale, and the
method is applied further at the regional scale. Multiple satellite data
with different spatial resolutions are used to estimate the FAPAR values
for analysis across scales. Two study regions covering the four
AmeriFlux sites in the United States are selected (Fig. 1). The MODIS
tiles and the MISR and Landsat orbits covering the two study regions
are listed in Table 5. The temporal resolutions of the MISR, MODIS,
and Landsat TM/ETM+ reflectance or FAPAR products are 2–9 days,
8 days, and 16 days, respectively. The MISR, MODIS, and Landsat scenes
around the four AmeriFlux sites in the vegetation growing season are
carefully selected to have close imaging dates as well as high-quality
data without cloud contamination. The imaging dates of the products
in each case differ within four days (Table 5). We assume that the veg-
etation remains unchanged within such a short period; therefore, the
intercomparison of FAPAR among different sensors is reliable.

The Landsat reflectance data are atmospherically corrected by using
the Landsat Ecosystem Disturbance Adaptive Processing System
(LEDAPS) preprocessing code (Masek et al., 2006). The missing scan
lines in the ETM+ image are filled with values of nearest pixels. The
Landsat TM and ETM+ surface reflectance scenes are used for estimat-
ing FAPAR at a spatial resolution of 30 m. The MISR and MODIS surface
reflectance products (MISR L2 and MOD09) are directly used for esti-
mating FAPAR at spatial resolutions of 1 km and 500 m. The MISR and
the MODIS FAPAR products (MISR L2 and MOD15) are intended for in-
tercomparison with the FAPAR estimates from this study.

TheMODIS FAPAR product usesMCD12 land cover product to distin-
guish 13 land covers globally. The National Land Cover Database 2006
(NLCD 2006) uses a 16-class land cover classification scheme for
Landsat images. A combined land cover classification scheme of the
two is used here considering the existing land cover types in the two
study regions. Consequently, the MISR, MODIS, and Landsat images
are classified into evergreen forest, deciduous forest, urban, grass,
crops, barren soil, and water body. The presented model is applied on
the surface reflectance and the classified images to estimate the vegeta-
tion LAI and FAPAR values. The distributions of the FAPAR estimates
from the MISR, MODIS, and Landsat images in Case 1 are shown in Fig.
12(a)–(c), respectively. For comparison, the MISR and the MODIS
FAPAR products are shown in Fig. 12(d)–(e), respectively. The distribu-
tions of the FAPAR estimates in Case 2 are shown in Fig. 13(a)–(c). For
comparison, the MISR and the MODIS FAPAR products are shown in
Fig. 13(d)–(e), respectively. The MISR FAPAR product is consistently
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higher (N0.15) than the MODIS FPAR product in Case 1, and the MODIS
and theMISR FAPAR products agree well in Case 2. However, the FAPAR
estimates from this study are consistent across different scales in both
cases. The values have similar distribution patterns across scales, in
which the highest values are observed in evergreen forests, followed
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Fig. 10. The time series of in-situ FAPARmeasurements and the Landsat FAPARestimates at four
total FAPARmeasurements are depicted in black line in all panels. The shaded area is the 10% ac
are depicted in upward and downward triangles, respectively.
by deciduous forests, crops; and rivers and central urban areas, where
the FAPAR estimates are close to zero.

The frequency histograms of the MODIS and the MISR FAPAR prod-
ucts are shown in red and blue bars in Fig. 14(b) and (d) for Cases 1
and 2, respectively. The MISR FAPAR product has a larger mean (by
onth
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AmeriFlux sites. Green FAPARmeasurements are depicted in blue line in thefirst panel, and
curacy requirement. The FAPAR estimated from Landsat TM and ETM+ surface reflectance
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0.15) and standard deviation (by 8%) than theMODIS FAPAR product in
Case 1, becausemore pixels with FAPAR values N0.9 are observed in the
MISR image than in the MODIS image. The frequency histograms of the
MISR and the MODIS FAPAR products agree well in Case 2. The differ-
ence between the mean values of the MISR and the MODIS FAPAR
products is about 0.05. Overall, the agreements between the FAPAR
products differ in the two regions possibly due to the difference in
land cover composition.

The frequency histograms of the FAPAR estimates from the Landsat,
MODIS, and MISR reflectance images are shown in green, red, and blue



Table 5
The spatial coverages and imaging dates of the MODIS, MISR and Landsat data used in the two case studies.

Case MODIS tile MISR orbit Landsat orbit MODIS date MISR date Landsat date

Case 1 H10V04 P27B58 P28R31 Aug 5–12, 2006 Aug 4, 2006 Aug 3, 2006
Case 2 H12V04 P12B55 P12R29 Aug 5–12, 2005 Aug 8, 2005 Aug 8, 2005

Case 1 covers three sites: Mead Irrigated, Mead Irrigated Rotation, and Mead Rainfed. Case 2 covers the Bartlett site. The “H” and “V” of MODIS tile means horizontal and vertical, respec-
tively. The “P” and “B” of MISR orbit means path and block, respectively. The “P” and “R” of Landsat orbit means path and row, respectively.
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bars in Fig. 14(a) and (c) for Cases 1 and 2, respectively. Generally, the
agreements among the Landsat, MODIS, and MISR FAPAR estimates
are reasonably good. The mean values of the FAPAR estimates differ
within 0.1, and the standard deviations differ within 0.03 for both
cases. Therefore, the FAPAR estimates by the presented retrieval
model have better performance than the MODIS and MISR products re-
garding consistency across scales. The comparable results between the
estimates from this study and the current products indicate that the re-
trieval algorithms of FAPAR products can partially justify the differences
in their data distributions; thus, the FAPAR values from different satel-
lites agree better when using the same algorithm for retrieval (Seixas
et al., 2009). Additionally, this study provides FAPAR estimates at multi-
ple resolutions ranging from 30m, 500m, to 1 km, whereas the existing
MODIS and MISR FAPAR products are both at 1 km.
(a) (b)

(d)

Fig. 12. The FAPARmaps derived from the TM, MODIS, and MISR scenes in theMead study regi
and (e) show the MODIS and the MISR FAPAR products.
6. Discussion and conclusions

This study focuses on developing a new FAPARmodel and its param-
eterizations to achieve an improved accuracy toward the requirement
of 0.05. The FAPAR estimates by thismodel are comparedwith reference
satellite FAPAR products and are validated using a comprehensive set of
measurements from two field experiments to meet the requirement for
Stage 2 of the validation (Morisette et al., 2006). Intercomparisons and
validations are conducted at site and regional scales. The site scale inter-
comparison and validation results demonstrate that the performances
of the MODIS and MISR products vary with land cover types. Generally,
theMODIS and theMISR FAPAR products performwell in shrubland and
crop sites but are less accurate over grass and forest. This outcome is
caused partially by the smaller range of in-situ measured FAPAR values
(c)

(e)

on in Case 1. (a)–(c) show the TM, MODIS, andMISR FAPAR estimates from this study. (d)



(a) (c)(b)

(e)(d)

Fig. 13. The FAPARmaps derived from the ETM+,MODIS, andMISR scenes in the Bartlett region in Case 2. (a)–(c) show the ETM+,MODIS, andMISR FAPAR estimates from this study. (d)
and (e) show the MODIS and MISR FAPAR products.
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over crops and shrubland, at a range of 0.22–0.74 for VALERI sites, com-
pared with larger ranges of FAPAR values over grass and forests, at
ranges of 0.07–0.84 and 0.26–0.92, respectively. Larger ranges of
FAPAR values allow the FAPAR products to deviate more from themea-
sured values used as truth data here. Additionally, the forests structure
includes the understory, tree trunks, branches, and leaves, resulting in
0.722 / 0.155
0.713 / 0.163
0.801 / 0.136

0.801 / 0.233
0.707 / 0.208
0.743 / 0.237

(a)

(c)

Fig. 14. The FAPAR frequency histograms of theMISR, MODIS, and Landsat scenes in theMead s
this study in Case 1. (b) The MISR and MODIS FAPAR products in Case 1. (c) The MISR, MODIS
products in Case 2. The numbers are the regional mean and standard deviation.
complex interactions with photons. Satellite FAPAR products have dif-
ferent assumptions when retrieving FAPAR over forests; thus, their dif-
ferences are large over forests. These findings resemble the conclusion
reported by Pickett-Heaps et al. (2014) such that FAPAR products dis-
agree significantly with in-situ values at forest sites but have relatively
high agreements at shrubland and crop sites.
0.831 / 0.204
0.675 / 0.124

0.931 / 0.072
0.882 / 0.104

(b)

(d)

tudy region in Case 1 and Case 2. (a) The MISR, MODIS, and ETM+ FAPAR estimates from
, and ETM+ FAPAR estimates from this study in Case 2. (d) The MISR and MODIS FAPAR
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The model from this study has improved the FAPAR accuracy to an
average of 0.1. The growing season is successfully identified, and the
time series of the FAPAR estimates are smooth over the years. The im-
provements are apparent at grasslands and forests with a reduction of
uncertainty to 0.09, which are attributed to both the new model and
the improved inputs. The model presented in this study uses a Nilson
parameter λ0 to account for the vegetation clumping effect, the uncer-
tainty of which could lead to inaccurate FAPAR estimates. Forests and
grasses aremore homogenous than shrubland and crops with scattered
natural vegetation or row crops. Therefore, the empirical values of λ0 for
forests and grasses have lower uncertainty owing to their homogeneity.
Thus, the improvements in FAPAR accuracy from this model are more
significant for grasses and forests than for shrubland and crops.

The presentedmodel is able to achieve comparable or slightly better
performance than the MODIS and the MISR FAPAR models when using
the corresponding satellite LAI products as input, as shown in the con-
trol experiments. The FAPAR accuracy is further improved when using
higher accuracy LAI values as input. Therefore, it is equally essential to
develop new FAPAR models and to improve the accuracy of model pa-
rameters, particularly LAI, for improving the FAPAR accuracy.

The retrieval rate of the MODIS FAPAR estimates is higher than that
of the MISR FAPAR estimates, which is a result of more valid observa-
tions in the MODIS than in the MISR surface reflectance data for
FAPAR retrieval. Therefore, it is necessary to include the MODIS FAPAR
estimates for a long-term and continuous FAPAR time series analysis.
However, considering the multi-angular information, the accuracy of
the MISR FAPAR estimates is generally better than that of the MODIS
FAPAR estimates. The FAPAR estimated from Landsat high spatial reso-
lution data have detailed spatial distribution information; however,
Landsat has long revisit time, and the available images are likely to be
contaminated by cloud. A data fusion method could potentially be a
good solution, integrating the temporal continuity of the MODIS
FAPAR estimates, the high accuracy of the MISR FAPAR estimates, and
the detailed spatial distribution of the Landsat FAPAR estimates.

Application of the presented model at the regional scale generates
consistent FAPAR maps across multiple scales from the Landsat,
MODIS, and MISR reflectance data, with a mean difference within 0.1
and a standard deviation difference within 0.03. The MODIS and MISR
FAPAR estimates obtained in this study have higher agreements with
each other than the MODIS and the MISR FAPAR products in some
study regions. Additionally, this study provides FAPAR estimates at
three scales of 30 m, 500 m, and 1 km, as a complement to the MODIS
and the MISR FAPAR products available at 1 km.

It should be noted that this researchhas some limitations. Significant
efforts must be devoted to reach Stage 3 of the validation. Product accu-
racy must be thoroughly assessed, and the uncertainties in the product
must bewell established via independentmeasurementsmade in a sys-
tematic and statistically robust way that represents global conditions.
The presented FAPAR model is suitable for homogeneous landscapes
and has better performance over homogeneous land cover. Future
studywould be focused on developing an advanced FAPARmodel to im-
prove accuracy over heterogeneous landscapes.
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Appendix A. The parameters for FAPAR estimation

The calculation of FAPAR requires the knowledge of LAI andϕ, which
can be solved by using the following equations:

ρ ¼ ρ1 þ ρm ðA1Þ

where ρ1 is the contribution of single scattering, expressed as the sumof
contributions from illuminated ground, shadow background, illuminat-
ed canopy, and shadow canopy.

ρ1 ¼ ρg e
−λ0

GS
μs
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where Ed is the diffuse irradiance from sky scattering, and μ0F0 is the di-
rect irradiance from solar illumination.

Themeanings of other symbols are given in Section 3. The contribu-
tion of multi-scattering ρm can be expressed by the Hapke model:

ρm ¼ ω
4
� 1
μvμ0

H μvð ÞH μsð Þ−1½ �Ims ðA3Þ

where ω is single scattering albedo of a single leaf, ω≅2ρv
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When solar and viewing directions overlap each other,

ρm ¼ ρv �
H2 μvð Þ−1
h i
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1−e−2λ0
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ðA6Þ

Eqs. (A1), (A2), and (A3) express observed reflectance as a function
of LAI and ϕ, which can be solved with observations at two or more
wavelengths. The equation group is nonlinear and must be solved
with an iterative method, an optimization algorithm, or a look up
table, the last of which is adopted here, considering its robustness.
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