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Abstract
In this paper, we present a theoretical and modeling framework to estimate the fractions of photosynthetically active radiation (PAR) absorbed
by vegetation canopy (FAPARcanopy), leaf (FAPARleaf ), and chlorophyll (FAPARchl), respectively. FAPARcanopy is an important biophysical
variable and has been used to estimate gross and net primary production. However, only PAR absorbed by chlorophyll is used for photosynthesis,
and therefore there is a need to quantify FAPARchl. We modified and coupled a leaf radiative transfer model (PROSPECT) and a canopy radiative
transfer model (SAIL-2), and incorporated a Markov Chain Monte Carlo (MCMC) method (the Metropolis algorithm) for model inversion, which
provides probability distributions of the retrieved variables. Our two-step procedure is: (1) to retrieve biophysical and biochemical variables using
coupled PROSPECT + SAIL-2 model (PROSAIL-2), combined with multiple daily images (five spectral bands) from the Moderate Resolution
Imaging Spectroradiometer (MODIS) sensor; and (2) to calculate FAPARcanopy, FAPARleaf and FAPARchl with the estimated model variables from
the first step. We evaluated our approach for a temperate forest area in the Northeastern US, using MODIS data from 2001 to 2003. The inverted
PROSAIL-2 fit the observed MODIS reflectance data well for the five MODIS spectral bands. The estimated leaf area index (LAI) values are
within the range of field measured data. Significant differences between FAPARcanopy and FAPARchl are found for this test case. Our study
demonstrates the potential for using a model such as PROSAIL-2, combined with an inverse approach, for quantifying FAPARchl, FAPARleaf,
FAPARcanopy, biophysical variables, and biochemical variables for deciduous broadleaf forests at leaf- and canopy-levels over time.
D 2005 Elsevier Inc. All rights reserved.
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1. Introduction
Gross primary production (GPP) is a key terrestrial
ecophysiological process that links atmospheric composition
and vegetation processes. One of the most important of these
processes, plant photosynthesis, requires solar radiation in the
0.4 –0.7 Am range (also known as photosynthetically active
radiation or PAR), water, carbon dioxide (CO2), and nutrients.
The fraction of PAR absorbed by the vegetation canopy
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(FAPARcanopy) is therefore an important biophysical variable
and is widely used in satellite-based Production Efficiency
Models (Potter et al., 1993; Prince & Goward, 1995; Ruimy et
al., 1996; Running et al., 2004) to estimate GPP or net primary
production (NPP). In remote sensing studies, FAPARcanopy is
usually estimated as a linear or non-linear function of
Normalized Difference Vegetation Index (NDVI) (Prince &
Goward, 1995; Tucker, 1979). FAPARcanopy is also related to
leaf area index (LAI), and is estimated as a function of LAI and
a light extinction coefficient in a number of process-based
biogeochemical models (Ruimy et al., 1999). The LAIFAPARcanopy and NDVI-FAPARcanopy relationships have been
the dominant paradigm in the literature for estimating GPP and
NPP of terrestrial vegetation at various spatial scales (Field et
al., 1995; Running et al., 2004).
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A vegetation canopy is composed primarily of photosynthetically active vegetation (PAV) and non-photosynthetic
vegetation (NPV; e.g., senescent foliage, branches and stems).
The presence of NPV has a significant effect on FAPARcanopy.
For example, in forests with an LAI less than 3.0, an earlier
study (Asner et al., 1998) found that stems increased canopy
FAPAR by 10 –40%. There is then, in principal, a need to
partition FAPARcanopy into the fractions of PAR absorbed by
green leaves and by NPV.
Furthermore, it is important to note that a green leaf is
composed of chlorophyll and various proportions of nonphotosynthetic components (e.g., other pigments in the leaf,
primary/secondary/tertiary veins, and cell walls). Non-photosynthetic absorption in PAR wavelengths can vary in magnitude (e.g., 20 –50%) among different species, leaf morphology,
leaf age and growth history (Hanan et al., 1998, 2002; Lambers
et al., 1998). We argue that FAPARcanopy should be partitioned
into the fractions of PAR absorbed by chlorophyll (FAPARchl)
and by NPV (FAPARNPV, including all the non-chlorophyll
pigments in leaf, cell walls, veins, branches and stems).
Only the PAR absorbed by chlorophyll (a product of
FAPARchl  PAR) is used for photosynthesis. Therefore,
remote sensing driven biogeochemical models that use
FAPARchl in estimating GPP are more likely to be consistent
with plant photosynthesis processes (Xiao et al., 2004a,b). It is
important to understand to what extent FAPARcanopy can be
partitioned into FAPARchl and FAPARNPV given imperfect
models and data. In an earlier study (Depury & Farquhar,
1997), a process-based leaf photosynthesis model estimated
PAR effectively absorbed by PSII system per unit leaf area.
However, the partitioning issue has not been studied extensively in both remote sensing and ecological communities that
focus on large scales.
Quantifying the temporal evolution of FAPARchl for a forest
ecosystem represents an important challenge for remote
sensing and ecology researchers, as it is extremely difficult to
directly measure FAPARchl and FAPARNPV at the leaf and
canopy levels on large scales over plant growing seasons. To
our knowledge, no field and laboratory experiments to measure
FAPARchl at the leaf and canopy levels over plant growing
seasons have been reported, and similarly we found no
published efforts to calculate FAPARchl with physics-based
radiative transfer models.
In this study, we aim to develop a theoretical and technical
framework for quantifying and evaluating the fractions of PAR
absorbed by chlorophyll, leaf and canopy. The specific
objectives of this study are twofold: (1) to clarify the concepts
of FAPARchl, FAPARleaf and FAPARcanopy; (2) to explore the
potential of estimating FAPARcanopy, FAPARleaf and FAPARchl,
using a coupled leaf-canopy radiative transfer model with
multiple daily images from the MODerate resolution Imaging
Spectroradiometer (MODIS) onboard NASA Terra satellite.
We used a coupled leaf-canopy radiative transfer model
(PROSPECT model + SAIL-2 model) to calculate FAPARchl,
FAPARcanopy and FAPARleaf. These models have been
discussed extensively in the published literature, both separately and in combination (Bacour et al., 2002; Baret & Fourty,

1997; Braswell et al., 1996; Combal et al., 2002; Di Bella et
al., 2004; Gond et al., 1999; Jacquemoud & Baret, 1990;
Jacquemoud et al., 1996, 2000; Kuusk, 1985; Verhoef, 1984,
1985; Verhoef & Bach, 2003; Weiss et al., 2000; Zarco-Tejada
et al., 2003). As a case study, we selected a deciduous
broadleaf forest at the Harvard Forest in Massachusetts, USA,
where earlier studies reported field-based observations of leaf
chlorophyll content (Waring et al., 1995) and LAI (Cohen et
al., 2003; Xiao et al., 2004b). This radiative transfer based
modeling exercise will help us to address an important scaling
issue—light absorption from chlorophyll to leaf and to canopy.
Our analysis also provides guidance for designing and
conducting field measurement and observations of forest
canopies in the near future.
2. Description of the radiative transfer model and the
inversion algorithm
2.1. Brief description of the PROSPECT + SAIL-2 model
The PROSPECT model is a leaf radiative transfer model.
Previous studies used the PROSPECT model with four
variables—leaf internal structure variable (N), leaf chlorophyll
content (C ab), leaf dry matter content (C m), and leaf water
thickness (C w) (Demarez et al., 1999; Hosgood et al., 1995;
Jacquemoud & Baret, 1990; Newnham & Burt, 2001). A
number of other studies used the PROSPECT model with five
variables—leaf internal structure variable (N), leaf chlorophyll
content (C ab), leaf dry matter content (C m), leaf water thickness
(C w) and leaf brown pigment (C brown) (Baret & Fourty, 1997;
Di Bella et al., 2004; Verhoef & Bach, 2003). We used the fivevariable PROSPECT model in this study because the addition
of brown pigment is useful for discriminating between
photosynthetic and non-photosynthetic light absorption.
The SAIL (Scattering from Arbitrarily Inclined Leaves)
model is a canopy radiative transfer model. The SAIL model
has been developed by several earlier researchers, evolving
gradually over time with minor changes reflecting individual
study objectives (e.g., Andrieu et al., 1997; Badhwar et al.,
1985; Braswell et al., 1996; Goel & Deering, 1985; Goel &
Thompson, 1984; Jacquemoud et al., 2000; Kuusk, 1985;
Major et al., 1992; Verhoef, 1984, 1985). In this study we used
the version of SAIL presented by Braswell et al. (SAIL-2;
Braswell et al., 1996). The SAIL-2 model decomposes a
vegetation canopy into stems and leaves. In a typical
parameterization, stems have spectral properties that are more
similar to soil and litter than leaves. Leaf and stem mean
inclination angles and the self-shading effect of both leaves and
stems are also considered.
In this study, we coupled the modified PROSPECT model
with the SAIL-2 model (hereafter called PROSAIL-2) by
replacing the leaf reflectance component in the SAIL-2 model
with the five-variable PROSPECT model. The coupled
PROSAIL-2 model was used to describe optical characteristics
(reflectance, absorption and transmittance) of the canopy and
its components. The PROSAIL-2 model has three groups of
variables: (1) observation viewing geometry variables; (2) an
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atmospheric condition (visibility) variable; and (3) biophysical
and biochemical variables (Table 1). Table 1 lists the search
ranges of the sixteen biophysical/biochemical variables, based
on an extensive literature review. The sixteen biophysical and
biochemical variables are plant area index (PAI), stem fraction
(SFRAC), cover fraction (CF), stem inclination angle (STINC),
stem BRDF effect variable (STHOT), leaf inclination angle
(LFINC), leaf BRDF effect variable (LFHOT), five leaf
variables that simulate leaf optical properties (N, C ab, C m,
C w, C brown), two soil/litter variables that simulate soil/litter
optical properties (SOILA, SOILB), and two stem variables that
simulate stem optical properties (STEMA, STEMB). Because
the MODIS data used in the study were atmospherically
corrected, we set the atmospheric visibility variable (VIS, in
Table 1) to be large and constant throughout this analysis.
2.2. Description of inversion algorithm—the Metropolis
algorithm
Inversion of a radiative transfer model is computationally
intensive and requires careful choices of optimization procedures. Iterative steepest-descent optimization procedures, the
most commonly used approaches to invert radiative transfer
models (e.g., Bacour et al., 2002), were not used in this study.
These procedures are local optimization techniques with
limited potential to locate globally optimal solutions. For
example, if there are a few minimum points within a search
space, the iterative procedures could offer a local extreme-point
solution and might fail to provide a global extreme-point
solution given an initial guess. As an alternative, a method
based on the Metropolis algorithm (Braswell et al., 2005; Hurtt
& Armstrong, 1996; Metropolis et al., 1953) was employed.
This method estimates posterior probability distributions of the
variables and thus can provide estimates of uncertainty (such as
standard deviations and confidence intervals) of individual
variables, by inspection of the retrieved distributions. The
Metropolis algorithm is relatively computationally intensive,
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owing to the need for simulation of a large number of samples
required to obtain a reliable estimate of the variables’
distributions.
The Metropolis algorithm (Metropolis et al., 1953) is a type
of Markov Chain Monte Carlo (MCMC) estimation procedure.
At each step out of a predetermined number of iterations, the
algorithm uses the current variable estimate to randomly
generate a new ‘‘proposal’’ estimate in variable space. This
new variable estimate will be the input for a new model run.
Model-retrieved and observed reflectance values are used to
calculate the likelihood of an error probability model. The
Metropolis algorithm then accepts the new variable estimate
with a certain probability. The resulting Markov Chain of
accepted variable values converges to the posterior distribution
of the variables conditional on the observations after a transient
‘‘burn-in’’ period. MCMC theory assures that such a sampling
scheme provides Markov chains whose values represent draws
from the posterior distributions. In the following formalism,
Pr(I) denotes probability in a general sense, or more specifically, the value of a probability density function. Pr(v) denotes
the prior distribution assumed for the set of variables.
Pr(v new|data) and Pr(v old|data) refer to the conditional probabilities of ‘‘new’’ and ‘‘old’’ variable estimates (variable points)
given the known ‘‘data’’.
According to Bayes’ theorem,
PrðvjdataÞ”PrðvÞPrðdatajvÞ
Let L(v) = Pr(data|v)
PrðvjdataÞ”PrðvÞLðvÞ
where L(I) is the likelihood function. In this study we assume a
set of independent uniform prior distributions for the variables.
Let X i = [x i1,. . ., x ip ]V ( p > 1), i is the subscript of data point,
subscripts 1, . . ., p mean spectral bands, and x is reflectance.
This study assumes that the observed spectral values X i
differ from the model predicted values U i = [u i1,. . ., u ip ]

Table 1
A list of variables in the PROSAIL-2 model and their search range

Biophysical/biochemical
variables

Atmospheric condition
variable

Variable

Description

PAI
SFRAC
CF
C ab
N
Cw
Cm
C brown
LFINC
STINC
LFHOT
STHOT
STEMA
STEMB
SOILA
SOILB
VIS

plant area index, i.e., leaf + stem area index
Stem fraction
Cover fraction: area of land covered by vegetation/ total area of land
Leaf chlorophyll a + b content
Leaf structure variable: measure of the internal structure of the leaf
Leaf equivalent water thickness
Leaf dry matter content
Leaf brown pigment content
Mean leaf inclination angle
Mean stem inclination angle
Leaf BRDF variable: length of leaf/ height of vegetation
Stem BRDF variable: length of stem/height of vegetation
Stem reflectance variable: maximum (for a fitted function)
Stem reflectance variable range (for same fitted function)
Soil reflectance variable: maximum (for a fitted function)
Soil reflectance variable: range (for same fitted function)
Diffuse/ direct variable: scope of atmospheric clarity

Unit

Ag/cm2
cm
g/cm2
degree
degree

km

Search range
1 – 7.5
0–1
0.5 – 1
0 – 80
1.0 – 4.5
0.001 – 0.15
0.001 – 0.04
0.00001 – 8
10 – 89
10 – 89
0 – 0.9
0 – 0.9
0.2 – 20
50 – 5000
0.2 – 20
50 – 5000
50
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according to a mean zero p-variate Gaussian error model that
results in the likelihood function
n
P1
Y
1
ðXi Ui ÞV
ðXi Ui Þ=2
e
;
ð1Þ
L¼


X
1=2
pﬃﬃﬃﬃﬃﬃp 

i¼1
2p 

where n is the number of data points and ~ is the variance –
covariance matrix of X. ~ is estimated by the usual sample
variances and covariances in each step of the algorithm:
 
Re ¼ Sij pp
i; j ¼ 1; . . . ; p
n
ð2Þ


1X
Sij ¼
ðxki  uki Þ xkj  ukj :
n k¼1
The natural logarithm of the likelihood, the ‘‘log-likelihood’’
(log(L)), is used in the algorithm during its operation(e.g.,
Bishop, 1995).
The algorithm defines the probability to accept the new
point as following:

Prðv new jdataÞ
Praccept ¼ min 1;
:
ð3Þ
Prðv old jdataÞ
If the algorithm accepts the new point, it will become the
‘‘old’’ point in next iteration; otherwise, the old point will still
be the ‘‘old’’ point in next iteration.
To accelerate the speed of convergence of the Metropolis
algorithm, we modified the adaptive algorithm used in other
studies (e.g., Braswell et al., 2005; Hurtt & Armstrong, 1996)
as follows.
In each iteration, one variable is selected to change as


ð4Þ
vnew;s ¼ v old;s þ r  v max;s  v min;s
where s = 1, . . ., 16, is the number of variables in PROSAIL-2
model that are allowed to search for solutions, r is randomly
selected at each step between T 0.5ITs , v max,s and v min,s are the
maximum and minimum values allowed to search, and Ts is
temperature. If v new,s is accepted, then Ts is increased by a
factor of 1.006569. If it is rejected, then Ts is decreased by a
factor of 0.99. By changing the temperatures in this way, the Ts
(s = 1, . . ., 16) of all variables are adjusted until varying any
given variable leads to acceptance of about 23 –44% of the
time, which is considered an ideal acceptance rate for the
Metropolis algorithm (Gelman et al., 2000).
2.3. Calculation of FAPARcanopy, FAPARleaf, and FAPARchl
To calculate FAPARchl, FAPARleaf and FAPARcanopy using
the PROSAIL-2 model, we need to know the values of the
input variables used in the model. Our strategy is to first invert
the biophysical and biochemical variables using the coupled
PROSAIL-2 model with observed spectral reflectance data
(reflectance plus relative observation geometry), and then to
calculate FAPARchl, FAPARleaf and FAPARcanopy using forward simulations.
We calculated FAPARcanopy (Goward & Huemmrich, 1992),
FAPARleaf (Braswell et al., 1996), and FAPARchl (see Eqs. (5) –

(9)) using the PROSAIL-2 model with the variable values from
the inversion.
FAPAR canopy ¼

APAR canopy
PAR0

ð5Þ

FAPAR leaf ¼

APAR leaf
PAR0

ð6Þ

FAPAR chl ¼

APAR chl
PAR0

ð7Þ

APAR canopy ¼APAR leaf þAPAR stem

ð8Þ

APAR leaf ¼ APAR chl þAPAR dry matter
þAPAR brown pigment

ð9Þ

where PAR0 is the incoming PAR at the top of the canopy, and
APAR is the absorbed PAR. APARcanopy, APARleaf, APARstem,
APARchl, APARdry matter, and APARbrown pigment are absorbed
PAR by canopy, leaf, stem, chlorophyll in leaf, dry matter in
leaf, and brown pigment in leaf, respectively.
2.4. Inversion of the PROSAIL-2 model with simulated data
After integration of the coupled PROSAIL-2 model with the
Metropolis inversion algorithm, we conducted a number of
model inversion runs with simulated data to examine the
performance of the modeling framework. Here we report
results from one typical group of these model-simulated data
(Table 2). We used the values of individual variables in Table 2
to simulate reflectance as the first simulated data set. For the
second simulated data set, we added random noise (mean = 0,
standard deviation = 5% of reflectance) to represent error in the
reflectance prior to inversion. In the third simulated data set,
we added a different amount of random noise (mean = 0,
standard deviation = 10% of reflectance) to the reflectance.
Inversion of the PROSAIL-2 model was conducted for the
three simulated data sets, using the MCMC algorithm (see
Section 2.2). All the sixteen variables (Table 1) were estimated
simultaneously for the three simulated data sets.
The strength of the Metropolis algorithm is that it provides
posterior distributions of retrieved variables, which present a
detailed picture of the behavior and uncertainty of individual
variables, conditioned on both the model and the observed
data. Therefore the retrieved distributions provide information
about the parameter sensitivity of the PROSAIL-2 model. For
simplicity, we have grouped variable behavior into three major
categories: well-constrained, edge-hitting and poorly-constrained (Braswell et al., 2005). The ‘‘well-constrained’’
variables usually have a well-defined distribution, with small
standard deviations relative to their allowable ranges. The
‘‘poorly-constrained’’ variables have relatively flat distributions
with large standard deviations relative to their allowable
ranges. Edge-hitting variables are those for which the modes
of their retrieved values occurred near one of the edges of their
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Table 2
Posterior means, standard deviations, variable behavior from inversion of the PROSAIL-2 model with the three simulated data sets: no data error, noise standard
deviation r = 5%*data, noise standard deviation r = 10%*data
Variable

PAI
SFRAC
CF
C ab
N
Cw
Cm
C brown
LFINC
STINC
LFHOT
STHOT
STEMA
STEMB
SOILA
SOILB
FAPARcanopy
FAPARleaf
FAPARchl

Actual

4.5
0.1
0.9
35.0
1.5
0.03
0.01
0.7
45.0
50.0
0.05
0.05
10.0
2820
10.0
3525
0.84
0.76
0.59

r = 5%*data

No error

r = 10%*data

Mean T standard
deviation

Variable class

Mean T standard
deviation

Variable class

Mean T standard
deviation

Variable class

4.43 T 1.25
0.102 T 0.070
0.88 T 0.09
36.36 T 8.89
1.43 T 0.19
0.0327 T 0.0087
0.0109 T 0.007
0.7000 T 0.240
41.69 T 8.36
43.51 T 21.84
0.1896 T 0.1998
0.3982 T 0.2575
9.7928 T 5.7782
3025 T 1210
9.9686 T 5.8055
3204 T 1139
0.84 T 0.10
0.76 T 0.11
0.58 T 0.11

Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Poorly-constrained
Edge-hitting
Poorly-constrained
Poorly-constrained
Poorly-constrained
Poorly-constrained
Poorly-constrained
Well-constrained
Well-constrained
Well-constrained

4.42 T 1.29
0.090 T 0.070
0.87 T 0.11
37.0 T 8.91
1.43 T 0.19
0.0328 T 0.0084
0.0115 T 0.007
0.7264 T 0.246
42.20 T 8.37
43.54 T 22.15
0.1784 T 0.1844
0.4074 T 0.2552
9.7494 T 5.7937
3061 T1207
9.8590 T 5.6977
3205 T 1123
0.83 T 0.11
0.74 T 0.12
0.56 T 0.13

Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Poorly-constrained
Edge-hitting
Poorly-constrained
Poorly-constrained
Poorly-constrained
Poorly-constrained
Poorly-constrained
Well-constrained
Well-constrained
Well-constrained

4.57 T 1.33
0.088 T 0.070
0.87 T 0.14
36.61 T 9.16
1.42 T 0.19
0.033 T 0.0086
0.0115 T 0.0068
0.7346 T 0.243
41.40 T 8.50
43.28 T 22.04
0.2021 T 0.2108
0.4156 T 0.2598
9.7993 T 5.7817
3014 T 1222
9.9686 T 5.8054
3149 T 1148
0.83 T 0.11
0.73 T 0.11
0.56 T 0.14

Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Poorly-constrained
Edge-hitting
Poorly-constrained
Poorly-constrained
Poorly-constrained
Poorly-constrained
Poorly-constrained
Well-constrained
Well-constrained
Well-constrained

allowable ranges and most of the retrieved values were
clustered near this edge. As shown in Table 2, among the 16
biophysical/biochemical variables in the PROSAIL-2 model,
nine variables had ‘‘well-constrained’’ distributions, six variables had ‘‘poorly-constrained’’ distributions, and one variable
had ‘‘edge-hitting’’ distribution. By forward calculation with
the retrieved distributions, we found that FAPARcanopy,
FAPARleaf and FAPARchl were also ‘‘well-constrained’’.
Because of page limits we did not present the graphs to show
the histograms of individual variables from the simulated data.
Graphs showing the histograms of individual variables
retrieved from the MODIS data (see Section 3.2) illustrate
the variable behaviors we discussed in this section.
3. Description of the Harvard Forest site and multiple daily
MODIS data collections
3.1. Brief description of the Harvard Forest site
The Harvard Forest eddy flux tower site (42.54-N and
72.18-W, 180 – 490 m elevation) is located in western
Massachusetts, USA. The vegetation is primarily deciduous
broadleaf forest, dominated by red oak (Quercus rubra), red
maple (Acer rubrum), black birch (Betula lenta) and white pine
(Pinus strobus). There are also some evergreen needleleaf
species within the forest, for example, eastern hemlock (Tsuga
canadensis) (Waring et al., 1995). Altogether, deciduous
broadleaf forest occupies 56% of the land, conifer forest
occupies 12%, and mixed forest occupies 20% (Turner et al.,
2003). The canopy height is approximately 20– 24 m. Soils are
mainly sandy loam glacial till with some alluvial and colluvial
deposits. The climate is cool, moist temperate with July mean
temperature 20 -C. Annual mean precipitation is about 110 cm,

and the precipitation is distributed approximately evenly
throughout the year. Most areas are at least moderately well
drained (Barford et al., 2001; Goulden et al., 1996; Wofsy et
al., 1993). The major deciduous species of Harvard Forest
commenced senescence on about September 17th in 1991 and
1992 (Bassow & Bazzaz, 1998). Intensive fieldwork has been
conducted at the site for measuring leaf chlorophyll content by
species (Waring et al., 1995) and LAI (Cohen et al., 2003; Xiao
et al., 2004b). These field data are useful and available for
evaluating estimated values of chlorophyll content and LAI
from inversion of the PROSAIL-2 model.
3.2. Collection of multiple daily MODIS data over the Harvard
Forest site
Three MODIS standard products are used in this study:
MODIS daily surface reflectance (MOD09GHK, v004),
MODIS daily observation viewing geometry (MODMGGAD,
v004), and MODIS daily observation pointers (MODPTHKM,
v004). The MODIS daily surface reflectance product has
surface reflectance values of seven spectral bands (500m spatial
resolution) that are primarily designed for study of vegetation
and land surface: red (620 – 670 nm), blue (459 –479 nm), green
(545 – 565 nm), near infrared (NIR1, 841– 875 nm, and NIR2,
1230– 1250 nm), short-wave infrared (SWIR1, 1628 – 1652 nm,
and SWIR2, 2105 – 2155 nm). The MODIS daily observation
viewing geometry product contains observation viewing
geometry information (view zenith angle, view azimuth angle,
sun zenith angle and sun azimuth angle) at a nominal 1-km
scale. The MODIS daily observation pointers product provides
a reference, at the 500 m scale, to observations that intersect
each pixel of MODIS daily surface reflectance product in
MODIS daily observation viewing geometry product (personal
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Table 3
A list of MODIS multiple daily data collections in 2001 through 2003 for
inversion of the PROSAIL-2 model; DOY—day of year
Year

DOY period

Number of valid observations

2001

201 – 214
250 – 260
147 – 162
219 – 230
172 – 187
248 – 255

17
13
10
10
13
13

2002
2003

communication with Dr. Robert Wolfe). All these three MODIS
data products are freely available at USGS EROS Data Center
(http://www.edc.usgs.gov/).
The quality control (QC) data layer from the MODIS daily
surface reflectance product includes information about errors
and missing data in the daily surface reflectance product, for
each of the seven MODIS bands, as well as information about
whether an atmospheric correction was performed, and
information about whether an adjacency correction was
performed. If the QC value indicates any quality problem,
the observation was not used in our analysis. In addition, we
tried to avoid residual cloud-contaminated observations by
carefully screening reflectance values of the MODIS blue

band (459 – 479 nm). The reflectance of forested and other
vegetated areas is generally less than 0.05 (Kaufman et al.,
1997) under cloud-free conditions. If the MODIS blue band
reflectance is greater than 0.05, and the QC flag indicates no
quality problem, the observation is still excluded from the
analysis. In addition, the blue band is very sensitive to residual
aerosol, and the SWIR2 band is very sensitive to subpixel
water bodies (King et al., 1999). Therefore, both the blue and
SWIR2 bands were not used for inversion of PROSAIL-2
model. In this study, we used information from the other five
MODIS bands to invert PROSAIL-2 model. Thus, in Eqs. (1)
and (2), p is equal to five, X i = [x i1,x i2,x i3,x i4,x i5]V, and
U i =[u i1,u i2,u i3,u i4,u i5], where subscripts 1, 2, 3, 4, 5 refer
to red, NIR1, green, NIR2, and SWIR1 bands of MODIS,
respectively.
We acquired daily MODIS data (year 2001 through year
2003) from the NASA data archive, for an area containing the
Harvard Forest site. To invert all the sixteen variables of the
PROSAIL-2 model simultaneously with daily MODIS data,
one needs to have sufficient satellite observations of adequate
quality. For the MODIS sensor onboard the Terra satellite, there
are not enough satellite observations over Harvard Forest site
within 1 day to allow a stable inversion of the PROSAIL-2
model (the problem is underdetermined). One solution is to

50

40
17
16
60
30
15
14
13
12
70
20
11
10
9
8
7
80
10
6
5
4
3
2
1
90
0
0
1716151413121110 9 8 7 6 5 4 3 2 11 0 1 2 3 4 5 6 7 8 9 1011121314151617
2
3
4
5
6
100
170
7
8
9
10
11
110
160
12
13
14
15
120
150
16
17
130
140
Viewing zenith angle ( 0 )
Solar zenith angle ( 0 )
Relative azimuth angle ( 0 )

Fig. 1. Viewing geometries of data collection from DOY 201 – 214 in 2001 (17 observations).
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collect satellite observations over a longer period of time, for
example, over a 16 days period as is done in the production of
the standard MODIS nadir-adjusted product (MOD43; Strahler
et al., 1999). To balance the need for many satellite observations and the need for collecting observations over a short
period of time, we used a flexible scheme for organizing
observations for inversion of the PROSAIL-2 model (Table 3).
We assumed that there is negligible variation of the canopy and
the leaf within the period of each data collection in Table 3.
This assumption is commonly used when researchers need
many observations during a short period (e.g., Strahler et al.,
1999). Each of the six data collections in Table 3 has 10 –17
good-quality observations and covers no more than sixteen
consecutive days. The MODIS observations associated with
the individual data collections have large variations in
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observation geometry. For example, Fig. 1 shows the variation
of observation geometry for the data collection from DOY
201– 214 in 2001.
3.3. Inversion of the PROSAIL-2 model with MODIS data
For this paper, we designed an inversion scheme to estimate
the sixteen biophysical and biochemical variables using
observed spectral reflectance data. We performed inversions
of the PROSAIL-2 model for each of the six data collections
using the Metropolis algorithm, resulting in the distributions of
individual variables for each data collection. We evaluated the
inversions of the PROSAIL-2 model in three ways. First, we
compared observed surface reflectance from the MODIS image
with surface reflectance retrieved using PROSAIL-2. For the
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Fig. 2. A comparison between the observed reflectance and PROSAIL-2-reproduced reflectance for five MODIS spectral bands (red, green, NIR1, NIR2 and SWIR1).
Surface reflectances were reproduced with the mean values of inverted variables from the PROSAIL-2 model in 2001, 2002 and 2003. (a) MODIS red and green
bands and (b) MODIS NIR1, NIR2, and SWIR1 spectral bands.
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Table 4
Variable behavior from inversion of the PROSAIL-2 model with the MODIS
data collection from DOY 147 – 162 in 2002
Variable

Variable behavior

PAI
SFRAC
CF
C ab
N
Cw
Cm
C brown
LFINC
STINC
LFHOT
STHOT
STEMA
STEMB
SOILA
SOILB
FAPARcanopy
FAPARleaf
FAPARchl

Well-constrained
Well-constrained
Edge-hitting
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Well-constrained
Poorly-constrained
Well-constrained
Poorly-constrained
Poorly-constrained
Poorly-constrained
Poorly-constrained
Poorly-constrained
Well-constrained
Well-constrained
Well-constrained

forward calculations of reflectance we used the mean values of
variables taken from the posterior distributions. Secondly, we
examined the temporal variations of a few key variables from
inversion of the PROSAIL-2 model, with available data about
LAI and chlorophyll content from the literature. Thirdly, we
examined the temporal variation of FAPARcanopy, FAPARleaf
and FAPARchl, and compared them with two commonly used
vegetation indices, NDVI and the Enhanced Vegetation Index
(EVI, Huete et al., 1997), showing their temporal patterns and
magnitudes with respect to FAPAR values.
NDVI ¼

q NIR1  q red
q NIR1 þ q red

EVI ¼ 2:5 

q NIR1

q NIR1  q red
þ 6  q red  7:5  q blue þ 1

ð10Þ

ð11Þ

where q blue, q red and q NIR1are reflectance values of the blue,
red and NIR1 bands.

coefficient between retrieved and observed NIR/SWIR reflectance is 0.83, 0.67, and 0.50 for NIR1, NIR2 and SWIR1,
respectively. The RMSE between observed and retrieved NIR/
SWIR reflectance is 2.8%, 4.0%, and 3.7% for NIR1, NIR2 and
SWIR1, respectively. Note that each data collection spanned
approximately 2 weeks, and any variation of leaf and canopy
during the period may have contributed to the discrepancies
between our retrieved reflectance and MODIS observed
reflectance. Possible errors introduced during MODIS preprocessing may also contribute to the discrepancies (e.g.
imperfect atmospheric correction). The comparison suggests
that PROSAIL-2 model with the retrieved mean values of
individual variables reasonably reproduces the surface reflectance of the deciduous broadleaf forest site in 2001– 2003.
4.2. Temporal variation of eight variables (PAI, SFRAC, CF,
C ab, N, C w, C m, C brown) in the PROSAIL-2 model
The strength of the Metropolis inversion algorithm is that it
estimates probability distributions for individual model variables. Inspection of these posterior distributions offers a
measure of uncertainty in the form of their standard deviations
or other quantile intervals. As discussed previously, the shape
of the distributions provides a measure of compatibility
between model and data. We examined the histograms of the
sixteen variables from inversion of each MODIS data
collection, and ranked them into the categories of ‘‘wellconstrained’’, ‘‘poorly-constrained’’ and ‘‘edge-hitting’’. For the
MODIS data collection in DOY 147 –162, nine variables
belong to ‘‘well-constrained’’, six variables to ‘‘poor-constrained’’ and one variable to ‘‘edge-hitting’’ (Table 4). For
example, leaf chlorophyll content (C ab) has a bell-shaped
‘‘well-constrained’’ distribution (Fig. 3), with a mean value of
35.9 Ag/cm2 and a standard deviation of 5.6 Ag/cm2. Stem
fraction (SFRAC) has a relatively ‘‘well-constrained’’ distribution (Fig. 4) with a mean value of 8.8% and a standard
deviation of 5.6%. In comparison, cover fraction (CF) has a
distribution that clearly belongs to the ‘‘edge-hitting’’ category
(Fig. 5), with a mean value of 92% and a standard deviation of
6e+5

4. Results

Histogram of Cab
red oak, Waring et al., 1995
red maple,Waring et al., 1995
white birch,Waring et al., 1995
yellow birch, Waring et al., 1995
needles,Zarco_Tejada etal., 2004

5e+5

4.1. Comparison between retrieved and observed reflectance
values
Frequency

After the inversions of the PROSAIL-2 model, we utilized
the mean values of the retrieved variable distributions for each
data collection as inputs to calculate the reflectance with
forward simulations of the PROSAIL-2 model. Fig. 2 shows a
comparison of PROSAIL-2 retrieved reflectance with observed
reflectance of MODIS green, red, NIR1, NIR2, and SWIR1
bands. The correlation coefficient between retrieved and
observed MODIS visible reflectance is 0.75 for green band
and 0.54 for red band. The root mean squared error (RMSE)
between observed and retrieved MODIS visible reflectance is
0.9% for green band and 0.9% for red band. The correlation
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Fig. 3. Histogram of leaf chlorophyll content (C ab, Ag/cm2) for MODIS data
collection from DOY 147 – 162 in 2002.
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Fig. 6. Histogram of one soil parameter in SAIL-2 (SOILA) for MODIS data
collection from DOY 147 – 162 in 2002.

7%. The soil variable (SOILA) is ‘‘poorly-constrained’’ (Fig. 6)
and has a mean value of 9.94 and a standard deviation of 5.79.
We calculated LAI, based on estimated values of PAI and
SFRAC, and we see that its resultant distribution is ‘‘well
constrained’’ (Fig. 7) with a mean value of 4.2 and a standard
deviation of 1.3. For the other five MODIS data collections, the
results were similar. Both stem and soil variables contributed
relatively little to surface reflectance, largely due to a very high
percentage of forest cover and large values (4.9 in peak
growing season of 2001) of leaf area index in the Harvard
Forest site (Cohen et al., 2003).
Fig. 8 shows the temporal variation of the mean and
standard deviation of three canopy-level variables in the
PROSAIL-2 model. The mean value of plant area index
(PAI) from DOY 147– 260 in 2001 –2003 varies between 4 and
5 (Fig. 8a), with a slightly increasing tendency of PAI from
DOY 147– 210, and a slightly decreasing tendency of PAI from
DOY 230 to DOY 260. The mean value of stem fraction from
DOY 147– 260 in 2001 – 2003 was within the range of about
2 –10%, and the data collection from DOY 147 –162 in 2002
had the largest value of stem fraction among the six data
collections (Fig. 8b). Stem fraction explained why the
difference between the mean value of FAPARcanopy and the

mean value of FAPARleaf of the data collection from DOY
147– 162 in 2002 was the greatest among all the six data
collections (Fig. 10a). The mean value of cover fraction from
DOY 147 –260 in 2001 –2003 was within the range of 92–
99%, and the data collection from DOY 147 –162 in 2002 had
the smallest value of cover fraction among the six data
collections (Fig. 8c). The cover fraction histogram of the data
collection from DOY 147 –162 in 2002 is shown in Fig. 5. Its
mode appears near the right edge of its allowable range
(Table 1). All other modes of cover fraction for the six data
collections also appear near the right edge. This is why some
of the ‘‘mean plus standard deviation’’ values are greater than
1.0 in Fig. 8c. We calculated LAI using the equation
LAI = (1 SFRAC)  PAI. The resultant LAI mean values vary
between 3.9 in DOY 147 – 162 in 2002 and 4.4 in DOY 201– 214
in 2001 (Fig. 8d).
Fig. 9 shows the temporal variation of the mean and standard
deviation of the five leaf-level variables in the PROSAIL-2
model. At leaf level, the estimated mean leaf chlorophyll
content (C ab) among the six data collections ranges from 35.9 to
51.7 Ag/cm2. The C ab content of the data collection from DOY
147 – 162 in 2002 is the lowest retrieved value, and is
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Fig. 5. Histogram of cover fraction for MODIS data collection from DOY
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Fig. 8. Temporal variation of canopy-level variables from inversion of PROSAIL-2 model and LAI at Harvard Forest in 2001, 2002 and 2003. (a) Plant Area Index
(PAI); (b) Stem Fraction; (c) Cover Fraction; and (d) leaf area index (LAI).

statistically different from the other five data collections. The
mean values of C ab content for the five data collections from
DOY 172 – 260 have only a slight variation, well within the
range of 10% (Fig. 9a). Leaf brown pigment (C brown) shows a
distinct seasonality with an increasing tendency from DOY 150
to DOY 260 (Fig. 9b). The data collection from DOY 172 –187
in 2003 had the lowest mean value of leaf dry matter (C m),
which is significantly different from the other five collections.
The mean values of C m vary between 0.009 and 0.015 g/m2
among the other five data collections (Fig. 9c). The structural
variable of leaf (N) had a distinct seasonality with an increasing
tendency from DOY 147 –260 (Fig. 9d). Leaf equivalent water
thickness (C w) ranged between 0.015 cm and 0.032 cm, with a
distinct temporal variation (Fig. 9e).
4.3. Temporal variation of FAPARcanopy , FAPARleaf, and
FAPARchl
We estimated the distributions of FAPARcanopy, FAPARleaf,
and FAPARchl for each data collection, and extracted their
mean and standard deviation (Fig. 10). The maximum mean
values of FAPARcanopy, FAPARleaf, and FAPARchl were 0.92,
0.90, and 0.74, respectively. The minimum mean values were

0.83, 0.74, and 0.57, respectively. The ratios of minimum
value to maximum value, a quantitative indicator of data
dispersion, were 0.91, 0.83, and 0.77, respectively.
FAPARcanopy, FAPARleaf, and FAPARchl exhibited different
magnitudes of temporal variations, with FAPARcanopy and
FAPARleaf showing only slight changes throughout the peak
growing season from DOY 172 to DOY 260, and FAPARchl
showing a strong seasonal variation.
The difference between FAPARcanopy and FAPARleaf is
attributed to light absorption by stem (APARstem), i.e., the
non-leaf part of the canopy. During the peak growing season
(mid-June to mid-September), the vegetation canopy is
dominated by leaves, and only a very small proportion of
stems are observed by the MODIS sensor. This may explain
why FAPARcanopy values are only slightly higher than
FAPARleaf for the five data collections from DOY 172– 260
(Fig. 10a). In comparison, FAPARcanopy in DOY147 –162 in
2002 is much larger than FAPARleaf, which is likely to be due
to a slightly higher proportion of stems observed by the
MODIS sensor.
The difference between FAPARleaf and FAPARchl is
attributed to light absorption by the non-chlorophyll component of the leaf. FAPARchl values are substantially lower

Q. Zhang et al. / Remote Sensing of Environment 99 (2005) 357 – 371

367

55
1.4

(b)

50

Leaf Brown Pigment (Cbrown)

Chlorophylla+b in leaf (Cab,µg/cm2)

(a)

45

40

35
Cab in 2001
Cab in 2002
Cab in 2003
160

180

200

1.0

0.8

0.6

Cbrown in 2001
Cbrown in 2002
Cbrown in 2003

0.4

30
140

1.2

220

240

140

260

160

180

200

220

240

260

Day Of Year (DOY)

Day Of Year (DOY)
0.030

(c)

2.0

Cm in 2002
Cm in 2003

2

Leaf Dry Matter (Cm, g/cm )

(d)

Cm in 2001

0.025

0.020

N

1.8

0.015

1.6
0.010
N in 2001
0.005

N in 2002

1.4

N in 2003
0.000
140

160

180

200

220

240

140

260

160

180

200

220

240

260

Day Of Year (DOY)

Day Of Year (DOY)
0.05

Cw in 2001

Leaf Water Content (Cw , cm)

(e)

Cw in 2002

0.04

Cw in 2003

0.03

0.02

0.01

0.00
140

160

180

200

220

240

260

Day Of Year (DOY)

Fig. 9. Temporal variation of leaf-level variables from inversion of PROSAIL-2 model at Harvard Forest in 2001, 2002 and 2003; (a) leaf chlorophyll content (C ab,
Ag/cm2), (b) leaf brown pigment (C brown), (c) leaf dry matter (C m, g/cm2), (d) N (structural parameter of leaf), and (e) leaf equivalent water thickness (C w, cm).

than FAPARleaf (Fig. 10a). Furthermore, the difference
between FAPARleaf and FAPARchl increased over time from
DOY 172 to DOY 260 (Fig. 10a), which is attributed to
increases of light absorption by NPV components within the
leaves. This suggests that leaf age and associated changes in
dry matter and brown pigment components may affect the
proportions of light absorption by NPV in the leaf and by
chlorophyll.

NDVI has been widely used for estimation of FAPARcanopy
and GPP. In recent years, EVI has been used frequently as well
(Justice et al., 1998). We calculated the mean and standard
deviation of NDVI and EVI using the same MODIS images for
each data collection.
For the five data collections from DOY 172 to DOY 260,
mean NDVI values are very similar to FAPARleaf (Fig. 10b),
which supports the earlier studies that used NDVI to
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Fig. 10. Temporal variations of the fraction of photosynthetically active radiation absorbed by chlorophyll, leaf and canopy, and vegetation indices at Harvard Forest
in 2001, 2002, 2003. (a) A comparison of estimated FAPARcanopy, FAPARleaf and FAPARchl; (b) a comparison between estimated FAPARleaf and NDVI; and (c) a
comparison between estimated FAPARchl and EVI.

approximate FAPARcanopy (e.g., Goward et al., 1992), as
FAPARleaf and FAPARcanopy values are close to each other in
those five data collections. However, the NDVI associated with
the data collection from DOY 147 –162 in 2002 is much
greater than FAPARleaf, but close to FAPARcanopy (Fig. 10b). In
general, mean EVI values vary substantially over time and are
much closer to FAPARchl values than mean NDVI values (Fig.
10c). Note that reflectance values in daily MODIS images are
not BRDF corrected reflectance; therefore, the observation
viewing geometry has an effect on the dynamics of NDVI and
EVI. The standard deviation of EVI varies among the six data
collections. For example, the EVI from DOY 248 – 255 in 2003
has a standard deviation of 0.057 (about 10% of mean EVI
value). Therefore, caution should be taken when selecting daily
MODIS images to calculate vegetation indices for use in
estimation of FAPARcanopy and FAPARchl.
5. Discussion
Satellite-based optical sensors provide daily observations of
the land surface at moderate spatial resolution. Numerous

studies have used various radiative transfer models (RTM) to
retrieve LAI and estimate FAPARcanopy (e.g., Asner et al.,
1998; Bicheron & Leroy, 1999; Myneni et al., 1997). The
MODIS Land Science Team has used a 3-dimentional radiative
transfer model to provide standard products of FARARcanopy
and LAI at 1 km spatial resolution (Justice et al., 1998;
Knyazikhin et al., 1998). In this study we used a relatively
simple RTM (PROSAIL-2 model) to study light absorption by
chlorophyll, leaf and canopy over time. Our modified version
of the PROSAIL-2 based inversion includes brown pigments
for better characterization of leaf absorption, and the Metropolis inversion algorithm for estimation of variable uncertainties
and model-data compatibility.
There is currently a paucity of in situ independent data for
evaluation of retrieved LAI and FAPARcanopy at moderate (500
m to 1 km) spatial resolution (e.g., Cohen et al., 2003; Turner et
al., 2003). Though field-based analyses are currently underway,
we have no field-based data of chlorophyll, leaf water content
and leaf dry matter in 2001 – 2003. In addition, the scaling
problems associated with translating leaf chlorophyll to an
image pixel at 500 m spatial resolution have yet to be
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addressed. Here we discuss two variables (LAI and chlorophyll
content) that are important for interpreting the results of
inversion of the PROSAIL-2 model in this study.
LAI is an important canopy-level biophysical variable. In an
effort to evaluate the standard product of LAI and FAPARcanopy
from the MODIS Land Science Team, the BigFoot project was
funded to study the spatial variation of LAI through a
combination of extensive field sampling and Landsat images
across a number of sites in North America. As part of the
BigFoot project, the field study (Cohen et al., 2003) estimated
spatial distributions of LAI at Harvard Forest and reported an
LAI value of 4.9 during its mid growing season in 2001. Field
researchers at Harvard Forest also conducted multi-temporal
measurements of LAI in 1998 and 1999, which ranged from
3.4 to 4.2 in June – September of 1998, and from 3.8 to 4.7 in
June –September of 1999 (Xiao et al., 2004b). Our estimated
LAI mean values are within the range of LAI measured in
1998 –1999 (Figs. 7 and 8d). The MODIS standard LAI/FPAR
product (MOD15A2, v004) estimates LAI values of >6.0 at the
Harvard Forest during June –September of 2001 – 2003. In this
study, estimated mean LAI value from inversion of the
PROSAIL-2 model for the data collection from DOY 201 –
214 in 2001 is about 4.4 (Fig. 8d), which is more consistent
with the field-based estimate from Cohen et al. (2003). The
differences in LAI values between the MOD15A2 standard
product and PROSAIL-2 based estimates in this study are often
larger than 1 at the Harvard Forest. It is beyond the scope of
this paper to diagnose the errors of either LAI algorithm in
detail, but we note that the MOD15A2 estimate assumes
constant standard leaf optical properties for deciduous broadleaf forests throughout the entire plant growing season (Myneni
et al., 2002). For inversions of the PROSAIL-2 model in this
study, we assume that leaf-level variables (e.g., brown
pigments, leaf dry matter) change over time. The good
agreement between PROSAIL-2-retrieved LAI and observed
field LAI values suggests that inversions of the PROSAIL-2
model in this study work reasonably well.
Leaf chlorophyll content (C ab) is an important biochemical
variable and one of the major control factors of photosynthesis.
Given light intensity and atmospheric CO2 concentration, it has
been reported that the chlorophyll content of red oak, one of the
major species of Harvard Forest, would not change during the
peak plant growing season prior to senescence (CavenderBares et al., 2000). Furthermore, there was no observed
significant inter-annual change of chlorophyll content of the
major species of Harvard Forest between 1995 and 1996 during
plant growing periods before senescence (personal communication with Dr. Jeannine Cavender-Bares). The chlorophyll
content of red oak at Harvard Forest in August of 1991 was
measured to be 36.8 Ag/cm2, red maple 35.5 Ag/cm2, white
birch 38.1 Ag/cm2, and yellow birch 41.2 Ag/cm2 (Waring et
al., 1995). A research group recently reported that their
measurement of chlorophyll content of needles in late July of
1998 and 1999 was 60.2 Ag/cm2 (Zarco-Tejada et al., 2004),
which was higher than the reported values of chlorophyll
content of hardwood species of Harvard Forest by other studies
(Cavender-Bares et al., 2000; Waring et al., 1995). Needleleaf
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trees are distributed in parts of the Harvard Forest site. The
chlorophyll content of Harvard Forest leaves at the MODIS
scale (500 m) is therefore likely to fall between the hardwood
and needleleaf values, dependent upon the mixing ratio of
hardwood trees and needleleaf trees. In this study, the estimated
mean C ab value for the data collection from DOY 147 –162 in
2002 was 35.9 Ag/cm2, and the estimated mean C ab values for
the other five data collections were 44.9– 51.7 Ag/cm2. These
C ab estimates fall within the range between the C ab of
hardwood trees and C ab of needles reported by other
researchers. While measurement of leaf chlorophyll content
at individual leaves is tractable, scaling measurements of
individual leaves to a MODIS image pixel (500 m) represents a
major leap requiring a rigorous field sampling design. The
results of this study suggest that future fieldwork in deciduous
broadleaf forests should include multi-temporal measurements
of leaf-level variables (chlorophyll and other pigments, leaf dry
matter and leaf water content).
The number of variables in the PROSAIL-2 model that can
be reasonably inverted simultaneously is still an unresolved
issue. An earlier model simulation study (Jacquemoud et al.,
2000) argued that the leaf structure variable (N) should be held
at a fixed value during inversion of the other variables. Their
inversion was conducted for the spectral range from 430 nm to
880 nm. Another study (Zarco-Tejada et al., 2003) inverted N,
C m, and C w with the other variables held constant, using a
MODIS 8-day composite reflectance data (MOD09A1) and
MODIS LAI data (MOD15A2). Inversion of the PROSAIL-2
in our study has a broader spectral range from 555 nm to 1640
nm. In this study, inversion of the PROSAIL-2 model estimates
simultaneously both canopy-level variables (e.g., PAI) and leaflevel variables, using multiple daily MODIS data. To our
knowledge, this is the first study that simultaneously retrieves
both canopy- and leaf-level variables through inversion of the
PROSAIL-2 model and multiple daily MODIS data. The
results of this study have demonstrated the potential of the
PROSAIL-2 model as a tool for quantifying biophysical and
biochemical variables of vegetation at leaf- and canopy-levels
over time.
The results of this study highlight the differences among
FAPARcanopy, FAPARleaf and FAPARchl over time for a
deciduous broadleaf forest. The substantial difference between
FAPARcanopy and FAPARchl may have significant implication
for those biogeochemical models that estimate light absorption,
GPP, and NPP using satellite data. A number of satellite-based
Production Efficiency Models (Potter et al., 1993; Prince &
Goward, 1995; Ruimy et al., 1996; Running et al., 2004) use
FAPARcanopy to estimate the amount of PAR absorbed by
canopies.
6. Summary
This study has demonstrated the potential for combining
radiative transfer modeling with a Bayesian parameter estimation scheme, utilizing real satellite data for estimating leaf- and
canopy-level biophysical and biochemical properties of a
deciduous broadleaf forest. We estimated the PROSAIL-2
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model variables based on the surface reflectance of the five
MODIS spectral bands (green, red, NIR1, NIR2 and SWIR1).
We also estimated the seasonal dynamics of FAPAR at canopy-,
leaf- and chlorophyll-levels, respectively. Our results show
that FAPARchl and FAPARcanopy exhibit different behaviors for
a deciduous broadleaf forest. This study represents our
effort in using a radiative transfer model to partition
canopy-level FAPAR into FAPARchl and FAPARNPV, following previous studies that proposed the conceptual partitioning (FAPARcanopy = FAPARchl + FAPARNPV) and showed the
potential of FAPARchl in improving the quantification of GPP
for forests. This study is another step that enables us to go
beyond the LAI-FAPARcanopy-NDVI paradigm and explore the
alternative chlorophyll-FAPARchl approach that takes advantage of moderate resolution optical sensors (e.g. MODIS) in the
era of the Earth Observing System. This study also suggests that
both remote sensing and ecological research would benefit from
season-long measurements of leaf-level variables (e.g., chlorophyll, other pigments, leaf dry matter, and leaf water content), in
addition to measurements of canopy-level variables (e.g., LAI).
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