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Leaf area index (LAI) is an important parameter in monitoring crop growth. One of the methods for retrieving LAI from re-
motely sensed observations is through inversion of canopy reflectance models. Many model inversion methods fail to account
for variable LAI values at different crop growth stages. In this research, we use the crop growth model to describe the LAI
changes with crop growth, and consider a priori LAI values at different crop growth stages as constraint information. The key
approach of this research is to assimilate multiple canopy reflectance values observed at different growth stages and a priori
LAI values into a coupled crop growth and radiative transfer model sequentially using a variational data assimilation algorithm.
Adjoint method is used to minimize the cost function. Any other information source can be easily incorporated into the inver-
sion cost function. The validation results show that the time series of MODIS canopy reflectance can greatly reduce the uncer-
tainty of the inverted LAI values. Compared with MODIS LAI product at Changping and Shunyi Counties of Beijing, this

method has significantly improved the estimated LAI temporal profile.
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Leaf area index (LAI) is an important structural parameter
of vegetation canopies, which is crucial for modeling can-
opy interception, evapotranspiration, and net photosynthesis.
In recent years, there has been considerable interest in de-
veloping algorithms for retrieving LAI from remotely
sensed observations [1-4]. Many efforts have been made to
retrieve LAI through its statistical relationship with spectral
vegetation indices (VI), physical model inversion or other
nonparametric methods. Using VIs for LAI retrieval is sim-
ple; however, the inversion results always have large uncer-
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tainties. Canopy radiative transfer models physically de-
scribe the relationship between canopy structural and opti-
cal parameters and canopy reflectance. Model inversion is a
reverse process, which starts from an inversion cost func-
tion. Efforts have been made to invert LAI using prior in-
formation of model parameters [5-7]. However, an obvious
drawback is the difficulty in obtaining a priori information.
Nonparametric methods (e.g., neural network [8-10]) pro-
vide another means for LAI retrieval by partly using physi-
cal or statistical information. Although some attempts have
been made to use temporal signatures of remote sensing [11,
12], most studies have not estimated LAI using the temporal
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profiles of observations.

For different applications, integrating multi-temporal
remote sensing data with crop growth simulation models is
recognized as a promising approach [13]. Several schemes
of integrating a crop growth model with remote sensing data
possessing various degrees of complexity have been devel-
oped in the last ten years, as reviewed by Fischer et al. [14],
Moulin et al. [15] and Qin et al. [4]. Bach et al. [16] ex-
perimented with coupling a raster-based PROMET-V model
with the radiative transfer model GeoSAIL to predict bio-
mass and yield. Guérif et al. [17] and Launay et al. [18]
combined the SUCROS crop model with the SAIL canopy
reflectance model for accurate estimation of sugar beet yield.
The SAIL model has also been integrated with the EPIC
crop model to estimate the spring wheat yield in North Da-
kota [19]. Doraiswamy et al. [20] used a look-up table (LUT)
method to estimate LAI from 250 m MODIS reflectance
data. The crop- modeled LAI was adjusted to fit the MODIS
simulated LAI by changing planting time, time of maximum
LAI attainment, and the onset of leaf senescence. Koetz et
al. [21] have also used LUT to produce simulated reflec-
tance to construct the inversion cost function for LAI re-
trieval, and the semi-mechanistic model CSDM was used to
smooth estimated LAI from multi-temporal remote sensing
observations in two successive steps. Ma et al. [22] used the
WOFOST crop growth model coupled to SAIL-PROSPECT
for minimizing the differences between simulated and syn-
thesized SAVI from remote sensing data to monitor winter
wheat growth at the potential production level. Aiming to
improve the accuracy of wheat yield predictions, Dente et al.
[23] incorporated leaf area index retrieved from ENVISAT
ASAR and MERIS data into the CERES-Wheat crop
growth model. Results indicate that LAI maps retrieved
from MERIS and ASAR data can be effectively assimilated
into the CERES-Wheat model thus leading to accuracies of
the yield maps ranging from 360 kg/ha to 420 kg/ha. A
practical procedure using the variational optimization
method to predict crop yield at the regional scale from
MODIS data was recently developed by Fang et al. [24].
This method outputs agronomic variables (yield, planting,
emergence and maturation dates) and biophysical parame-
ters (e.g., LAI).

In this study, a priori information about the LAI tempo-
ral profile, which varies with different growth stages and
which is described by crop growth model and LAI clima-
tology, is used to retrieve LAI. A variational data assimila-
tion strategy is developed to adjust crop growth model input
parameters using remote sensing observations and prior LAI
temporal profiles optimally. In this procedure, remote sens-
ing canopy reflectances are assimilated by using a radiative
transfer model to establish a relationship with LAI simu-
lated by the crop growth model, and the prior LAI temporal
profile is directly assimilated. The inverted LAI is estimated
by minimizing the inversion cost function, which has in-
cluded the crop growth model, remotely sensed reflectance,
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and prior LAI temporal profile. This method is tested using
MODIS data over winter wheat at Changping and Shunyi
counties of Beijing, China.

1 Methods
1.1 Crop growth model

The crop growth model CERES-Wheat is used in this study.
CERES-Wheat is a dynamic model under the DSSAT shell
that has different modules for different kinds of crops [25].
The CERES-Wheat model simulates growth, development,
and yield of the cereal crop by taking into account the ef-
fects of genetics, weather, soil conditions, and crop man-
agement. This model offers the ability to evaluate options
for increasing yield, water, and nitrogen use efficiencies. It
enables us to input biological and physical parameters, and
obtain user-specified objectives. In addition to LAI dynam-
ics, the CERES-Wheat model also simulates the water and
nitrogen balances of the soil-vegetation-atmosphere system
using a daily step.

1.2 Prior LAI knowledge

We have incorporated a priori LAI values into the inversion
cost function. To obtain this kind of prior information, we
use the statistical results of LAI values at different growth
stages from the Chinese spectrum library created in 2004
[7], which contain the representative spectra of typical land
surface types in China. One of the goals in constructing this
library is to provide prior knowledge for remote sensing
model inversion. More than 20000 crop spectra are included,
such as wheat, maize, and rice. Relevant crop structural
parameters, component parameters, leaf and soil spectra
were also collected. Some early data were measured more
than 20 years ago [26]. Wang et al. [27] presented the statis-
tical results of LAI concerned more than 1000 measure-
ments on winter wheat from the Chinese spectrum library,
and all LAI values of winter wheat in the same phenological
stage were used for statistical analysis. The mean and vari-
ance of LAI values with phenological stages are shown in
Figure 1, and used to obtain a fitting curve as prior LAI
temporal profile in this study as below.

Uncertainty ranges of a priori LAI values of statistical
results vary for different phenological stages. To match
these statistical results at phenological stages with the cor-
responding observation time of remote sensing observation
in the inversion cost function, we first transformed the
phenological stage to the day of year (DOY) by using the
observation date of this stage recorded in the spectrum li-
brary. Second, we obtained one fitting eq. (1a) to describe
the prior mean of LAI, with DOY as the independent vari-
able and the statistical mean of LAI as the dependent vari-
able. Another fitting eq. (1b) describing prior LAI variance
was also obtained by using the same method. Thus, we can
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Figure 1 LAI statistical results of winter wheat.

obtain the prior LAI information when an arbitrary DOY is
given:

LAI, =p0+p1d+p2d2+p3d3, (1a)
LAI, =g, +qd+q,d* +q,d’, (1b)

where LAl;and LAI, are the fitted mean and variance of LAI,
respectively; d is remotely sensed observation date, denoted
as DOY; p; and g; are the coefficients. Eqgs. (1a) and (1b)
describe the LAI growth trend with DOY and its uncertainty,
and can be used as prior ground LAI information. For ap-
plication, the spatial resolution of prior LAI knowledge can
be consider to match the remotely sensed observation be-
cause the sources of prior LAI data coming from an exten-
sive region (more in North China), and be included in Chi-
nese spectrum library.

1.3 Inversion cost function

To retrieve LAI from multiple information sources, we in-
corporated a priori LAI values, remotely sensed observa-
tions and a crop growth model into the inversion cost func-
tion. The parameters that are sensitive to LAI in the crop
growth model are adjusted by minimizing the cost function.
Remotely sensed observations are used sequentially; the
posterior variance of the adjusted parameters are obtained
and used to update the background of the adjusted parame-
ters. The inversion cost function is denoted as follows:

-x,) B (x, - xp), (22)

1

Tp(x)) =

p(%) =2 (X

72(x,) = EJ‘(LAIt —1a1))" ¢ (141, - 141} )dt,
0

1 2b
Slo-reret e,
0

T.(xy) = T 5(x,) +J2(x,) +j,1(z)G, (x,)dt, (2¢)
0
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where x is the vector of the adjusted parameters which will
be clear in latter section 3, and the initial inputs of the crop
growth model G,(xy); xp is the prior value vector of the ad-
justed parameters, B is the prior value covariance matrix of
xg, LAI is the LAI value at time 7, and LAIL® is the prior
value of LAI fitted by using the method described in Sec-
tion 2.2; C, is the prior variance at time ¢ which can also be
obtained by fitting; y, is remotely sensed reflectance at time
t, and H(xy) is the mapping operator which is the coupled
canopy growth and radiative transfer model for calculating
the crop reflectance based on the adjusted parameters, Q,
denotes the covariance matrix of remotely sensed observa-
tions and mapping operator H,(xo); Integral symbol indicate
that all of useful information from time /=0 to 7 will be in-
cluded in cost function. In eq. (2c), A(¢) is used as a Lagran-
gian multiplier, and G/(x,) describes the evolution process
of the state variable LAI. Eq. (2¢) is general method for
multi-sources data assimilation, and it can be found in Kal-
nay’s classical book [28].

Prior knowledge of the adjusted parameters is incorpo-
rated into the inversion cost function through eq. (2a), and
prior knowledge of LAI is incorporated by the first term of
eq. (2b). The second term of eq. (2b) is the forcing term of
remotely sensed observations. We combine eqs. (2a), (2b)
and the state eq. G(xp) into eq. (2c) by using a Lagrangian
multiplier. Because this is a strong constraint problem, in-
verted LAI values will be retrieved from the crop growth
model using optimal adjusted parameters. So our goal of
constructing the inversion cost function (2c) can be consid-
ered as finding an optimal temporal profile of LAI in the
profiles set coming from the state eq. G,(xp). The retrieved
LAI temporal profile is resulted from a priori adjusted pa-
rameters, a priori LAI values, and the time series of re-
motely sensed observations.

The optimal adjusted parameters are determined from the
inversion cost function (2c) through a step-by-step varia-
tional optimization procedure. The posterior mean and
variance of the adjusted parameters from the previous in-
version step are used in the current step. In this paper, the
canopy radiative transfer model SAIL [29] that is coupled
with the CERES-Wheat model is used as the mapping op-
erator H; MODIS surface reflectance products (MODO09)
are used as y,; and the crop growth model CERES-Wheat is
used as G,(xp). Here LAI, is the output of the crop growth
model at time 7.

Minimizing the inversion cost function (2c) is a compli-
cated problem because of the complexity of the coupled
crop radiative transfer and growth model. In this study, we
handle the crop growth model as follows:

Considering LAI as a dependent variable, we can denote
crop growth model as eq. (3):

OLAI

=K(LAI), 0<r<r,
(LAL) ’ 3)

LAI(0) = LAI, = V(x,),
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where K denotes the differential operator of the crop growth
model, and LAI, is the initial LAI value. This is a differen-
tial equation with LA, as boundary condition at 7=0. In fact,
we can not determine LAl, definitely, but LAl can be pro-
duced according to the adjusted parameters by letting
LAI(0)=LAI=V(xy) so that the differential equation’s
boundary condition is denoted as the adjusted parameters
implicitly.

According to eq. (3), we rewrite eq. (2c) as a strong con-
straint problem as follows,

T (x) =T, +J2 +] z(z)[aL;I - K(LAI,)jdt, (4a)
t
0
0<r<r,
LAI(0) = LAI, = V(x,), (4b)

where eq. (4b) is the initial boundary condition of the crop
growth model. Thus, every term in cost function (4a) can be
expressed as a function of the adjusted parameters x,. Since
it has been extensively used in other scientific disciplines
and our previous study [4], the adjoint method can be used
to minimize the cost function.

Above cost function can be solved to obtain the analyti-
cal solution of the variational assimilation algorithm by
solving the Eular-lagrange equation iteratively. In practical
application, the optimization method will be used to realize
this algorithm [30]. In this paper, a conjugated gradient
method is used to minimizing the inversion cost function,
and the necessary gradient is obtained using adjoint method
described as mentioned above. The new optimization was
performed when an available observation was incorporated
into inversion cost function. Every optimization process
stops when the inversion cost function varies less than 1%
between two consecutive iterations.

1.4 Canopy radiative transfer model SAIL

In this paper, we will use OH!/OLAI, in optimization
which is the gradient of LAI from the radiative transfer
model SAIL. It related the radiative transfer model SAIL to
adjusted parameters. However, the parameter LAI is hidden
in the coefficients of SAIL. To get 0H, /OLAI,, we use

the tangent linear equations of the SAIL model around LAI
These equations can be denoted as follows:

dES—KES—kEfo, (52)
dx
%+ SE +8E —ab —GE +oE +6E" =0,  OY
dE+ T qr N o+ | ATt
™ -S'E -SE —-cE —0E +aE" +aE" =0, (5¢)
dEo - ~ - O e D

-wE —wE —vE —vE —uE" —uE
dx

+kE, +kE, =0, (5d)
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where ES, E‘, E+, Eo are differentials of radiance with

regard to LAL K, S, 8, a4 &, 0, 9, w, k are differentials
of SAIL model coefficients triggered by the differential of
LAI Egs. (5a)—(5d) represent the radiance differentials due
to the LAI differential, so that the SAIL model gradient
around LAI can be obtained from the limit of the ratio of
observation radiance differential to LAI differential.

1.5 Updating the prior knowledge of the adjusted pa-
rameters

So far, we have used all remotely sensed observations be-
fore time 7. The prior knowledge of the adjusted parameters
can be updated as follows. As a new remotely sensed ob-
servation is available at z+1, the inversion cost function
becomes

Jo1(x) = Jf(x0)+JTQ(x0)+
(LAI,, —LAIZ )" C.L (LAL, - LAI?, )+
OVt =Ho o o) 07 (g —H, 4y (xp))

+ [ 400G, (e, ©)

where J”(x,) is obtained from the previous inversion step.

The posterior covariance can be calculated according to
Yang et al. [31]:

t=1

-1
B, = [Z(LAIJTC,ILAIJ +H/"Q H))+ Bﬁj NG

where LAI,' is the Jacobi matrix of LAl about x0; H, is

the Jacobi matrix of the SAIL model about LAI; In eq. (7),
the term in outer parentheses is the Hessian matrix of the
first term and the second term in cost function (2b). Eq. (7)
describes the posterior variance of the adjusted parameter
obtained from the least squares rule.

Inversion cost function (4a) combines three types of
useful information: remotely sensed observations, coupled
crop radiative transfer and growth model and a priori LAI
values. The prior knowledge of the adjusted parameters is
updated by eq. (7). In this process, the cost function is first
calculated using the first remotely sensed observation and a
priori LAI information. After obtaining the solutions of the
adjusted parameters, the cost function is updated by com-
bining next remotely sensed observation and a priori LAI
information accordingly, and the prior knowledge term of
the adjusted parameters of eq. (4a) is substituted by the
posterior information obtained from the previous iteration
step. The whole process iterates until the final remote sens-
ing observation has been used. Note that the solutions of the
adjusted parameters are inputted to the crop growth model
in each step to simulate LAI as our estimate. The optimal
LALI values are obtained from the last inversion step.
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2 Results analysis

To test the methodology described above, we inverted the
winter wheat LAI from MODIS observations at Changping
and Shunyi counties, Beijing. The geographic area is repre-
sented by the following latitude and longitude readings in
the WGS84 coordinate system: (40.3383°N, 116.4111°E)
(upper left); (39.9686°N, 116. 8008°E) (lower right). The
location of this geographic area is shown in Figure 2.

We carried out an experiment to investigate winter
wheat’s growth status under different management condi-
tions in 2004. The total experiment area is about 167 hec-
tares. Twenty-two sub-grids were designed for different
crop management conditions. The central coordinates are
40.1831°N, 116.4385°E. In this experiment, some growth
parameters about winter wheat were measured and recorded,
such as planting density, row space, phenological stage, leaf
water content, leaf angle distribution and so on. LAI was
also measured periodically. We used these measured LAI
values to validate our algorithm. The LAI mean of all
sub-grids is calculated as the true LAI value because every
sub-grid is too small to represent the LAI value of one
MODIS pixel. We also calculated the standard deviation of
these measured LAIs in the 22 sub-grids to describe the
uncertainty of the calculated true LAI values. The corre-
sponding MODIS pixel of 22 sub-grids is located in the
upper left corner of the processed MODIS image, and
marked as Pointl.

In the LAI retrieval procedure, the adjusted parameters
include thermal time per leaf (PHINT), relative vernaliza-
tion sensitivity of seed (P1V), initial soil water content
(SW), initial soil NO; content (NOj), initial soil NH, con-

I35
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Figure 2 Geographic location of research area in Beijing, China.
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tent (NH,), fertilizer amount (ANFER), and irrigation
amount (AMIR). These parameters were selected due to
their sensitivity to LAIL For field experiments in 2004, we
simulated the LAI by this crop growth model and found that
LAI varied largely with PHINT. LAI has varied 50% in
extreme situations when using PHINT=90 as reference. For
initial NHy, NO3; and SW parameters, large sensitivities to
LAI were shown when water and nutrition are not enough.
Similarly, irrigation and fertilizer amounts showed large
sensitivity to LAI when initial NH,;, NO5; and SW are not
enough. We also found that irrigation, fertilizer and NH,,
NO;, SW are affected mutually. In some extreme situations,
LAI has 4 variations. Although other parameters (e.g., field
moisture capacity and planting date) also show some sensi-
tivity to LAI, we did not consider them useful for applica-
tions. For future applications, we will establish a database to
provide some general parameters such as planting date, and
invariable soil parameters in this area. In the current study,
selecting the adjusted parameters is based on their sensitivi-
ties to LAI, and variations over our study area.

The MODIS land surface reflectance product (MOD09)
is used as remotely sensed observations with three bands: 1
(620-670 nm), 2 (841-876 nm) and 5 (1230-1250 nm). It
covers DOYs 105, 113, 121, 129, 137, 145, 153, 161, long
enough for winter wheat growth. MODOQ9 is an 8-day com-
posite of MODIS 500 m Level 2G products. For example,
MODO09 DOY 105 involved data from DOY 105 to DOY
112. Every corresponding pixel value in this MODO09 prod-
uct is the observation value, which has the best Quality
Control (QC) value within 8 days. Therefore, the true ob-
servation date for every MODO09 pixel is different from the
nominal MODO09 product date. Fortunately, these true ob-
servation dates are recorded in MODO09 product. For our
eight MODQ9 datasets, these true DOYs are 107, 118, 125,
134, 139, 152, 154, and 162.

In this paper, the initial values of the adjusted parameters
are defined in such a way. The PHINT and P1V initial val-
ues are set to 90 and 2.5 based on the user guide of the
CERES-Wheat model for general applications. Considering
that the adjusted soil parameters are for 4 soil layers in
depths 20, 55, 110, 150 centimeters and these are consistent
with field investigation, the same initial values are set for all
layers. The background SW is assumed to be 0.25 cm’/em’.
The background NO; and NHy are assumed to be 5.4 and
2.7 ng/g. The parameter ANFER is assumed to be 80 kg/ha.
Finally, the AMIR is assumed as 60 mm, the irrigation and
fertilizer management data are specified based on advice
from the local agricultural research institute. The PHINT,
P1V, NO;, NH,’s uncertain ranges are assumed to be 30%
of the background values. The AMIR’s and ANFER’s un-
certain range are assumed to be 50% of the background
value.

To examine the details, we selected four pixels from the
image. One pixel is the experiment area pixel while the
other three pixels were arbitrarily chosen. These pixels are
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denoted as Pointl, Point2, Point3 and Point4. These four
points are marked on Figure 4(a). Pointl is the experiment
area pixel.

2.1 Using prior LAI knowledge

Our method uses every MODIS observation in the temporal
window and a priori LAI information to adjust the LAI pro-
file based on cost function (2) and updating eq. (7).

Figure 3 compares the inverted LAI profiles with and
without using a priori LAI information at Pointl. Measured
ground LAI and MODIS LAI are also plotted for compari-
son. Figure 3(a) is the inverted LAI value on DOY 107 us-
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ing only the remotely sensed observation of DOY 107. We
can find out that the inverted LAI value without using a
priori LAI is higher than MODIS LAI, and inverted LAI
using a priori LAI information which in the uncertain range
of measured LAI is higher than that without using a priori
LAI information. Figure 3(b) to (h) compares the inverted
LALI profiles using MODIS observations of DOYs 118, 125,
134, 139, 152, 154, and 162. By comparing these inverted
LAI values with the measured LAI values, we find that the
inverted LAI values using a priori LAI information are
more reasonable than the inverted LAI values obtained
without using a priori LAI values and MODIS LAI values.
The aim of incorporating a priori LAI information into the
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Figure 3 LAI inversion with and without prior LAI information. (a) Only using one observation; (b) introducing two observations; (c) introducing three
observations; (d) introducing four observations; (e) introducing five observations; (f) introducing six observations; (g) introducing seven observations; (h)

introducing eight observations.
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inversion cost function is to improve the LAI estimation
when remotely sensed observations could not provide
enough in- formation for the successful LAI inversion,
which has been demonstrated in Figure 3(a)—(h).

Because of the constraint of the crop growth model, the
LAI values retrieved even without using a priori LAI in-
formation are also more reasonable than MODIS LAI val-
ues, although they are much lower than the measured LAI
values.

2.2 The inverted and MODIS LAI values

Because crop growth model and a priori LAI information
are included in the inversion cost function, the inverted LAI
values follow the phenology of the normal crop growth. The
inverted LAI and MODIS LAI images are shown in Figures
4 and 5. In Figure 4, the corresponding DOY of the reflec-
tance observation is listed in parentheses; these DOYs are
also the DOYs of our inverted LAIL In Figure 5, MODI15
LAI products use all available observed reflectance in an
8-day range to invert LAI, so for MOD15 LAI products of
DOY 105, we thought it is representing the LAI values of
DOY 109; other MOD15 LAI products of different DOY
are thought similarly, and they are listed in parentheses. It is
evident that our results in Figure 4 better characterize the
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normal growth status, with an ascending trend from DOY
105(107) to DOY 113(118). In fact, the winter wheat of this
area grows very fast during this period. After DOY
113(118), a decreasing trend can be found in Figure 4,
matching the phenology of the growth status of winter
wheat in this area. But in Figure 5, the MODIS LAI product
shows a flat LAI profile from DOY 105(109) to DOY
161(165).

The LAI profiles of the inverted LAI values and MODIS
LAI product for these four pixels are plotted in Figures 6
and 7, respectively. We find that four MODIS LAI profiles
do not change much from DOY 105(109) to DOY 161(165).
There are some “valleys”, which does not make sense from
the crop growth rule. Another problem is that MODIS LAI
values of all four pixels are lower than 1.0, but we know
clearly from field investigations that in these growth stages
the winter wheat LAI of this area are higher than 1.0. In
contrary to Figure 7, our inverted LAI values in Figure 6
have the normal range and a reasonable trend.

2.3 Updating background information of the adjusted
parameters

The a priori knowledge of the adjusted parameters in inver-
sion cost function (2) needs to be updated when every re-

Figure 4 Inverted LAI maps. (a) DOY 105(107); 1, Pointl; 2, Point2; 3,
DOY 137(139). (f) DOY 145(152). (g) DOY 153(154). (h) DOY 161(162).

Figure 5 MODIS LAI maps. () DOY 105(109); (b) DOY 113(117); (c) DOY 121(125); (d) DOY 129(133); () DOY 137(141); (f) DOY 145(149); (g)

DOY 153(157); (h) DOY 161(165).
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Figure 6 Inverted LAI using our method.

motely sensed observation is incorporated into eq. (2). The
updated information is the prior mean and covariance of the
probability distribution of the adjusted parameter, which are
xp and B terms in eq. (2) respectively. Because prior
knowledge of the adjusted parameters is poorly known in
reality, we set a high initial uncertainty for the adjusted
pa-meters. For example, PHINT describes thermal time
value when a new leaf grows (CERES-Wheat assumes that
only one new leaf grows every time). We do not have a
priori knowledge of PHINT, so we adopt the suggested
value in CERES-Wheat’s user guide for this parameter as
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the a priori expectance, and a potential uncertainty range as
a priori standard deviation. We updated this a priori
knowledge when a new remotely sensed observation is in-
corporated into the cost function according to eq. (7), which
lowers the uncertainty of this parameter. Figure 8 shows the
updating of a priori knowledge by using PHINT as an ex-
ample. The uncertainty range is lowered when every
MODIS observation is incorporated.

Table 1 lists the means of the updated variances of all
four points sequentially. This shows the updating trend of
our inversion method and implies that every MODIS ob-
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Figure 8 PHINT error updating of Point1-Point4. (a) Error updating of Point1; (b) error updating of Point2; (c) error updating of Point3; (d) error updating

of Point4.

Table 1 Mean variance trend of PHINT of four points

Time step 1 2 3

PHINT error 349.3 172.5

42.7 23.6
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servation of the time series provides extra information for
the adjusted parameters. Accumulation of this kind of in-
formation definitely reduces parameters’ uncertainty.

3 Discussion and conclusions

Traditional LAI inversion methods in remote sensing con-
sider only the information of remotely sensed observation at
individual times. The relationship of LAIs at different
growth stages has not been effectively used in the inversion
process. In this paper, we combine the time series of re-
motely sensed observations and the crop growth model into
the inversion cost function that is minimized by a varia-
tional data assimilation method. The inverted LAI depends
not only on remotely sensed observations but also on the
crop growth model. Time series of remotely sensed obser-
vations are used to adjust the parameters of the crop growth
model, and the crop growth model provides extra informa-
tion for the inverted LAI. This method ensures that the in-
verted LAI values at different crop growth stages satisfy the
crop growth rule. Because of the regional differences of
winter wheat growth, we have also incorporated a priori
LAI information into the inversion cost function. Thus, the
inversion cost function is constrained by remotely sensed
observations, crop growth model, and a priori LAI knowl-
edge.

Our validation results demonstrate that the inverted LAIs
are effectively improved by incorporating the extra prior
knowledge of LAI These results can better characterize the
LAT’s true values than just incorporating the crop growth
model in the inversion function.

One issue in this approach is the difference between the
MODIS observation scale and the scale of the measured
LAI This scale mismatch partially accounts for the differ-
ence between inverted LAIs and the measured LAIs. The
spatial resolution of MODO09 data is 500 m and many pixels
are mixed in our research area. Pixel mixture is a potential
factor affecting the inversion accuracy. By using the land
use type map from TM image, we found that our
twenty-two sub-grids cover about 80% of the MODIS pixel,
with other land use types including road and water also
within this pixel. If the inverted LAls are divided by 0.8,
they match with the ground measurements much better
(Figure 3).

We used only temporal information of remotely sensed
observations in this study; however, the contextual informa-
tion among the neighboring pixels is also valuable. This
could potentially improve the accuracy of the inverted LAI
by integrating multiple data sources.
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