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ABSTRACT

A methodology for coupling prognostic models of vegetation and remote sensing measurements
is presented. This approach, based on control theory, postulates that errors in model parameters
or initial states can be corrected, by minimizing the differences between satellite observations and
modelled reflectances. These reflectances are computed from model state variables, (carbon in
the leaves) with a direct “scene” model. The differences between this approach and previous
studies dealing with the coupling of satellite data and vegetation modelling are briefly discussed.
A synthetic experiment with a generic vegetation model, designed for carbon cycle investiga-
tions, shows that processes such as allocation of carbon to the leaves and phenological behavior
of a deciduous-forest canopy can be controlled, and that carbon exchanges estimation can then
be improved. Furthermore, we show that assimilation of real satellite observations in a crop
model leads to improved simulation of vegetation functioning, as ground-truth information
confirms that a good retrieval of the sowing date, the control parameter, is achieved. Finally,
we point out the interests and requisites for application to natural vegetation carbon fluxes

estimations at the global scale.

1. Introduction

Atmospheric CO, and 6'°C measurements,
which provide integrated information on bio-
spheric, oceanic and anthropogenic carbon fluxes,
exhibit strong spatial and temporal variability
(seasonal fluctuations and trend). Seasonal model-
ling of vegetation functioning is therefore of great
interest. Interannual variability, resulting from
ENSO events or aerosol emission from Pinatubo
(Sarmiento, 1993) also gives test-cases to estimate
the accuracy of biosphere models and attempt to
reduce current uncertainties. Moreover, if we are
to develop predictive capabilities, and assess future
biospheric sources and sinks, we need to under-
stand and model their evolution. As far as the
continental biosphere is concerned, net primary
productivity (NPP) and soil respiration show dif-
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ferent responses to climate forcing and therefore
need to be modelled separately. Recent studies
based on '¥O fractionation (Farquhar et al., 1993)
encourage mechanistic modelling of photo-
synthesis, transpiration and other processes, by
providing additional information on the bio-
spheric contribution to the global carbon cycle.
This suggests that prognostic process vegetation
models, especially if seasonal and inter-annual
variability can be assessed, are among the most
promising tools to address the response of the
global system to anthropogenic perturbations
(Agren et al, 1991; Mellilo et al., 1993). Further-
more, in addition to atmospheric CO, monitoring,
global satellite archive now provides radiometric
measurements with remarkable spatial coverage
and temporal repetitivity. These considerations:
(a) validation opportunities based on seasonal
and inter-annual variability over the last decade;
(b) the interest in prognostic vegetation model
development; (c) emergence of global remotely
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sensed data, are basic reasons for studying
the coupling of vegetation model and satellite
measurements. In this paper, we propose a
methodology to constrain a vegetation model with
remote sensing data (Section 2). In Section 3,
we present a synthetic experiment of this new
approach with a generic vegetation model, and
then (Section 4) show a validation at the field
level, using a crop model over a site where we have
independent ground-based knowledge. Finally, we
discuss the possible contribution of satellite data
assimilation to global carbon cycle studies and
spatialization of biosphere models.

2. Context

Coupling vegetation model (at regional-to-
global scale) and remote sensing data has led to
several studies which differ in the complexity
of the vegetation modelling and in the kind of
information (qualitative or quantitative) derived
from satellite data. Fung et al. (1987) estimated
a seasonal distribution of annual NPP, using
empirical relationships between AVHRR/NDVI
(normalized difference vegetation index from the
advance very high resolution radiometer) time
series and photosynthesis. They showed that phas-
ing of the biospheric CO, fluxes can be assessed,
and is of special interest when comparing with
atmospheric CO, seasonal oscillations. Several
authors also used Monteith model (Monteith
1972) and derived absorbed photosynthetically
active radiation (APAR) from NDVI and incident
solar radiation. APAR is then transformed into
dry matter (NPP) through a biological efficiency
coefficient. Examples of these studies are Heimann
and Keeling (1989) and Ruimy etal (1994).
A major advantage of these diagnostic studies is
that the response of the vegetation to environment
conditions is, to some extent, included in the
satellite signal. Precise evaluation of errors in both
model and satellite archive is expected to give
interesting results on interannual variability. More
mechanistic vegetation models have also been
coupled with remote sensing data. These studies
are based on two different approaches.

(a) Forcing strategies: biophysical variables
are derived from the satellite signal, through inver-
sion or empirical relationship, and then used as
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input in a process vegetation model. Regional
scale inversion of LAI (Leaf Area Index) over con-
iferous forests and inclusion in Forest-BGC is
presented by Running etal. (1989). Lidecke
etal. (1991) also performed LAI inversion from
AVHRR data over a small area dominated by
deciduous forest, and used it to drive the Frankfurt
biosphere model (Janececk et al., 1989). However,
these inversion schemes exhibit a strong sensitivity
to signal noise, and high LAI values (e.g., LAl > 4)
are not accurately obtained, especially because
reflectances in the solar spectrum become insen-
sitive to LAI at these high values.

(b) Comparison/validation: these approaches
consist of deriving surface radiative properties
from a vegetation model and comparing them with
remote sensing data. Woodward and Smith (1993)
compared NDVI estimates computed from an
ecophysiological prediction of LAl and AVHRR
measurements over several African reserves, in
order to assess the validity of their model assump-
tions. Another interesting example of validation is
discussed by Nemani and Running (1989), who
compared NDVI derived from AVHRR data over
coniferous forests and outputs of an ecosystem
model, to test an ecological concept of equilibrium
between LATI and water availability. These studies
highlight the potential for indirect use of remote
sensing data.

In this paper, we use the comparison between a
prognostic model and data to improve the model
prediction. This methodology, hereafter referred as
control or re-calibration, is related to variational
assimilation developed in atmospheric research
and oceanography (Le Dimet and Talagrand,
1986). The purpose is to find the model trajectory
which leads to the best agreement with a set of
observations distributed in time. If X represents
the model variables, the model can be written as
F(X,u)=0, where u, the control variables, are
inputs leading to a unique model evolution. The
discrepancy between the model and the data can
be measured by

T
=[x~ 0,7,
0

where O, is the set of observations belonging to
the time interval [0, 7], and C a mapping from the
state space to the observation space. The problem
is then to minimize J(x) under the constraint
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F(X,u)=0. In our case, C is a “scene” model
which computes reflectances from the vegetation
state variables. For meteorological studies, the
control is usually the initial state of some 3D fields,
because this causes the main errors in the predic-
tion, when compared, for instance, to physical
parameterizations schemes. This is not the case for
ecological studies, where general consensus on
model laws usually does not exist. This means that
control “variables” can be chosen among model
parameters as well as among initial conditions.

3. Synthetic experiment with a biosphere
model

In this section, we present the potential of the
control strategy based on satellite data in the solar
spectrum, when applied to a vegetation model,
with special focus on carbon fluxes.

3.1. Model description

The linkage of a vegetation model and global
remote sensing data requires that the model is able
to predict radiative properties of the surface at the
same time and space scales as available satellite
measurements. Evolution of the canopy structure
with time has to be explicitly simulated, especially
when seasonal changes occur. These changes,
which are driven by both environmental and inter-
nal factors, will be referred as phenological events
(for instance, leaf shooting, senescence, abscission,
dormancy). In what follows, we present the general
frame of the generic vegetation model that we have
developed, and provide a more extensive descrip-
tion in Appendix. The system is described by 4
carbon compartments (which average the leaves,
stems, roots and storage over a given area) and a
soil water bucket model. The fluxes between these
reservoirs depend on daily climate input (daily
minimum and maximum temperature, precipi-
tation, irradiance, net radiation, vapor pressure
deficit) and parameters associated with phenologi-
cal stage and vegetation type (e.g., annual/peren-
nial evergreen/deciduous...). Carbon and water
fluxes are coupled through the stomatal resistance.
The fluxes sub-models mainly follow Running and
Coughlan (1988), and Bonan (1991a, b). Nutrient
cycling has not been considered. For simulation
over a 10-year period, nutrient limitation may be
implicitly prescribed in the parameter set. As far as
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carbon is concerned, the model consists in a set of
differential equations:

dG
Eza'm[ﬂG’ 1y +h(1)]—g(G, 1),

(2.1)

M.
7’=a,-(t)[f(G, H+h(1)]—g(M,, 1),

where G is the carbon content of leaves, M; the
carbon content of stems, roots and storage (i=2
to 4), f(G) is the photosynthesis rate, A(t) is
the rate of carbon translocation from storage,
and g(M;) is the sum of carbon losses due to
autotrophic respiration and mortality.

Our assumption is that the a,(¢) functions
are driven by the phenology and link the carbon
fluxes with the canopy development. Many crop
models are built on the same hypothesis, e.g.,
AFRCWHEAT?2 (Porter, 1993) used in Section 4.
These equations are solved with a one-day time
step. The main outputs are the atmosphere/vegeta-
tion CO, fluxes, litterfall, and carbon compart-
ments. A complete description or validation of the
model is beyond the scope of this paper, but we
assume here that system dynamics are reasonably
well simulated. Once the relevant processes have
been identified and modelled, the model requires
parameter sets which, ideally, are measured and
accurate enough to allow satisfying simulation of
vegetation functioning. This is a critical issue,
especially when spatialization (extension to the
whole biome geographic range) is considered. For
instance, Bonan (1993) pointed out the impor-
tance of vegetation type and LAI in estimating
boreal forest carbon fluxes. At the global scale,
modelling autotrophic respiration, carbon parti-
tioning and phenology for example is expected to
be improved, for process models are sensitive to
these parameterizations. The methodology that we
propose in this paper is to use satellite observa-
tions to correct the model course and hence to
provide greater confidence in CO, flux estimation
than before.

3.2. Data assimilation

With the model, we simulate a deciduous forest
ecosystem, as an example of canopy which shows
a pronounced seasonality. Daily meteorological
inputs have been collected at Boigneville (latitude
48°, France) for 1992. At this site, the vegetation
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growing season is from April to October, with
winter dormancy and possible limited summer
water stress. The purpose here is to have a reason-
able simulation of natural vegetation, but not to
model a real forest site. At this step, assimilation in
this vegetation model has not been investigated
with satellite data. However, we carried out an
academic exercise, a synthetic experiment, which is
a classical approach to address inversion of remote
sensing data. The main questions concern the
feasibility and stability of assimilation scheme.
3.2.1. Choice of the control parameters. This
subsection presents the three control parameters
(Z,, X, and «) chosen for the synthetic study and
details the processes that they parameterize.
Suitable control parameters must clearly be
important drivers of the surface radiative proper-
ties, must suffer from large uncertainties and,
finally, must modulate substantially the carbon
flux simulation. Phenology modelling and alloca-
tion of carbon to the leaves both fit these criteria.
Phenology. For “seasonal” ecosystems, canopy
development is known to be a fundamental driver
of gas exchange, when time scales of day to months
are considered (Korner, 1993). For different
vegetation types, internal control of development
can be modelled as a response to environmental
factors: for example, heat sum, photoperiod and
chilling requirement for temperate ecosystems
(Murray et al., 1989; Nisinsky and Saugier, 1988),
and soil water availability for arid zones and
savannahs. As our simulation aims to reproduce a
deciduous temperate forest, the development has
been parameterized as a function of cumulated
daily (positive) mean temperature starting on the
Ist of January. Two phenological events have been
modelled: (a) the start of the growing period: as
soon as a threshold X, of cumulated temperatures
is reached, carbon is translocated from the storage
compartment (until it is empty) to allow leaf
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growth and photosynthesis. (b) the start of the
senescence period: when a threshold X, is reached,
abscission of leaves occurs at a constant rate.
Allocation of assimilates. Eq.(2.1) shows that
the daily growth of the different compartments
depends on allocation coefficients applied on
photosynthesis and carbon translocation. Carbon
partitioning is one of the major difficulties in
process oriented vegetation modelling. Important
feedbacks between fluxes and structure occur in
annual herbaceous vegetation and also in peren-
nial ecosystems and therefore must be addressed
(particularly when behavior over several years
is considered). For this forest simulation, we
consider a simple seasonal allocation pattern,
associated with the two phenological events pre-
viously defined, and assuming that the allocation
coefficients can be interpolated between these
events as a linear function of cumulated tem-
perature. The number of control parameters
being limited, because of the inverse modelling
approach, we further assume that the allocation
pattern mainly depends on a single coefficient a: at
the beginning of the growing season, allocation to
leaves, stems, roots, storage compartments is a,
(1 —a)/2, (1-a)/2, O, respectively, and [0, 0,0, 1],
respectively, at the beginning of the senescence
period. The third control parameter is thus a.
Reference simulation. These three parameters
(X,, £, and a) have been chosen to give a
reasonable LAI time profile (Table 1 and Fig. 1).
Quasi-linear increase at the beginning of the
growing season is due to carbon translocation
from storage, which stops when the storage com-
partment is empty, resulting in a sudden change in
slope. Quasi-linear decrease corresponds to the
senescence phase. The net CO, flux (photo-
synthesis minus autotrophic respiration) is shown
in Fig. 2 (a) Gross Primary Productivity (GPP)
is 1011 gCm~2year ! and NPP 625gCm™2

Table 1. Reference, 1st guess parameters and retrieved values after assimilation of “clean observations”

GPP NPP
%, (d.d) %, (d.d) « (gCm~2yr ") (gCm~2yr "
reference 600 3200 0.480 1010 625
1st guess 1000 3700 0.45 740 392
retrieval 602.9 3201.9 0.479 1011 625
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Fig. 1. Seasonal profile of leaf area index, obtained with
the reference parameter set and the first guess, for which
GPP is decreased by 26% and NPP by 37%.

year ~!, these values are within the range of

published data for temperate deciduous forests
(Lieth, 1975).

Reflectance model. The foliar surface, predic-
ted by the vegetation model, along with prescribed
optical properties and real view and solar angles
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Fig. 2. {a) Daily net CO, exchange between vegetation
and atmosphere for the reference simulation. Positive
values correspond to assimilation of CO, by the vegeta-
tion, when photosynthesis is the dominant process, while
negative values outside the growing season are due to
stem maintenance respiration. (b) Difference in net CO,
between the reference and the first guess simulations. The
reference canopy develops earlier and allows high
photosynthesis thanks to spring warm temperature and
high irradiance leading to high positive values. In con-
trast, after day 300, although the “Ist guess” canopy is
still developed, photosynthetic rate is rather low and the
difference of net CO, fluxes take small negative values.
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are used to compute, with the SAIL model (scat-
tering by arbitrarily inclined leaves, Verhoef,
1984), red and near-infrared reflectances, corre-
sponding to the AVHRR spectral bands. This
model takes soil and directional effects into
account and has been validated against ground
data. The main assumption here is that LAI is the
strongest driver of the reflectance signal. Satellite
data have to be filtered to avoid contamination by
clouds and occurrences of thick atmosphere, and
this filtering reduces the number of available data.
Our “observations” have therefore been sampled
to weekly data, to give a realistic frequency of
measurements. Resulting reflectances are shown
on Fig. 3. Canopy development leads to an
increase in the near infra-red band, and a decrease
in the visible band. The soil is assumed to be
lambertian, while the directional properties of the
vegetation result in high frequency variability,
caused by the orbital cycle of the satellite.

3.2.2. Synthetic experiment. Synthetic “obser-
vations” consist of reflectances computed from
the outputs of the reference simulation of the
model using the reference parameter set (¥, X,
o and others parameters given in Appendix). The
reference run is assumed to mimic the observations
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Fig. 3. Seasonal profile of reflectances. Open circles are
the synthetic weekly “observations” computed with the
LAI time profile from the reference simulation. The
visible reflectance ranges from 0.18 (bare soil) to 0.044 at
maximum canopy development. The near infrared ranges
from 0.24 (bare soil) to 0.57. The solid line represents
daily reflectances obtained with the first guess
parameters, the pikes resulting from AVHRR orbital
cycle.
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that would be acquired over real vegetation. The
basic assumption is that the model is perfect.

We then suppose that we do not know some
of these parameters accurately: Indeed, when a
vegetation model is applied to different sites under
different environmental forcing, the parameters
which are specified are extrapolated from local
studies or based on theoretical assumptions and
may be poorly known. These a priori values, which
depart more or less from the reference values, are
the Ist guess parameter set. The discrepancy
between model and “observations” is then mini-
mized, starting from the 1st guess parameters, and
this leads to a retrieved parameter set.

Ist guess simulation. We assumed that all the
parameters of the model are correct except X,,
X, and a. The values prescribed to X, (1000
degree.days instead of 600 for reference) and X,
(3700 d.d instead of 3200) roughly correspond
to a 35 days shift in the start of the growing
season and the senescence period. These errors are
“reasonable”, because global scale phenology
modelling is not yet well established. The alloca-
tion coefficient o« was fixed to 045 instead
of 0.48. The LAI time profile generated with this
parameter set is displayed on Fig. 1. This figure
also illustrates the sensitivity of the model to the
chosen parameters. GPP and NPP values drop
from 1011 to 740 gCm~2year ' (—26%) and
from 625 to 392 g C m 2 year ~! (-37%) respec-
tively, mainly because photosynthesis, for first
guess simulation, occurs when temperature and
daily irradiance are depleted.

Assimilation of perfect “observation”-feasibility.
The objective here is to verify if the information
content of the “observed” reflectances allows the
retrieval of the reference LAI time profile and the
reference parameter set. Inversion is performed
through an iterative minimization process, starting
from the 1st guess parameters. The cost function,
which is minimized to find the best agreement

Table 2. Retrieved parameters, mean and standard
50 experiments
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between model and observations, was computed
as follows:
JEL 0= Y [(

i=1.52
obs

— P2 )2],
mod

where p1'7¢ is the visible reflectance of week i com-
puted from the vegetation model with current
Z,,Z,, o, p7%is the corresponding near infra-red
reflectance; p$° and p$®% are the “observed” reflec-
tances obtained for week i with the reference
simulation. This cost function exhibits discon-
tinuities and local plateaux in response to %, or X,
variations. For this reason, we chose the downhill
simplex method (Matlab, from The MathWorks,
Inc.) to minimize it. This algorithm allows a very
good retrieval of the parameters (Table 1) when
clean observations are assimilated in the model.
These parameters result in the same LAI profile as
the reference one. Bearing in mind the strong
assumption of a “perfect model”, one can notice
that reflectances for the periods when LAI is below
3 allow the restitution of the complete profile of
LAI, when model knowledge is taken into account.
In this perspective, it is particularly interesting to
study the stability of the assimilation scheme.
Assimilation of noisy “observations”-stability.
As a step towards real data, we investigate the
stability of the assimilation scheme when a
gaussian noise is added to each synthetic observa-
tion. The objective is to assess the quality of
the retrieved parameters, in a statistic sense,
and the consequences on carbon fluxes. The
assumption of a perfect model still holds, but
this simulates perturbations of the satellite
measurements. We computed 50 reflectance time
series by adding a gaussian noise of zero mean and
standard deviation of 0.02. This value corresponds
to 16 % of the mean visible reflectance and 5% of
the mean near infrared reflectance. The results of
the 50 retrievals are displayed in Table 2, the

mod obs)2

Pri — P

+(pse (22)

deviation, after assimilation of noisy observations, for

GPP NPP
Z, (dd) %, (d.d) « (g2Cm~2yr~) (gCm~2yr")
mean 602.6 3202.3 0.479 1000 623
std dev. 23 51 0.019 30 20

Tellus 47B (1995), 1/2
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parameter means and standard deviations show
how errors in the observations are propagated by
the assimilation scheme. The biases on parameters
are less than 4% as are the biases on resulting
GPP (1000 g Cm~2year "' instead of 1010 for
reference) and NPP (623 g C m~2 year ~! instead
of 625) The standard deviations of the parameters
and annual carbon fluxes are satisfactory, and the
CO, fluxes are greatly improved (in amplitude and
phasing) compared to the fluxes computed with a
priori parameters chosen for the first guess. These
results show that the assimilation scheme is stable,
and also that the simplex algorithm statistically
finds the best agreement between model and
“observations”. It confirms also that a temporal
knowledge-based link between satellite observa-
tions at different dates can yield to accurate LAI
retrieval even when high LAI values and noisy
measurements are considered. These different
results show that control by remote sensing data
seems to be possible, for this vegetation model,
which is designed for global scale satellite assimila-
tion. Moreover, assimilation can improve both
amplitude and phasing of terrestrial carbon fluxes.
However, two important questions were not
addressed in this experiment: the ability of the
model to simulate real vegetation, and the
accuracy of reflectances modelling from vegetation
model outputs.

4. Real data assimilation in a crop growth
model

This section presents a real example of the
assimilation of satellite observations in a vegeta-
tion functional model. The temperate agricultural
regions have been chosen as a preferred field of
investigation for the following reasons: (1) Accu-
rate production models exist for the major crops.
The mechanistic or empirical relations which
describe the various biophysical processes have
been established in ecophysiology and agronomy
for several decades. Resulting models are able to
simulate the growth and the development of a crop
canopy at a daily time step in order to estimate
accurately grain production (yield) as a function of
the driving meteorological data, mainly solar
radiation, temperature and precipitation, as well
as soil and farming practices. A number of
parameters used in this kind of models have a clear
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biological or physical meaning with a rather well
known range of values, and the complete set of
mechanistic or empirical relations prevent the
model from diverging drastically. (2) We can find
major crop areas where many environmental
factors are controlled: nutrients are generally
sufficient (fertilizers), pests are controlled, and
irrigation techniques can provide the adequate
water. Consequently, vegetation behavior is
mostly dependant on the solar radiation and tem-
perature encountered at the various phenological
stages, which means that the timing of the phenol-
ogy during the seasonal cycle is the fundamental
point. (3) Some information about farming prac-
tices and yields are available from agricultural
services at a scale compatible with remote sensing
observations. (4) Most of the ground radiometric
experiments over vegetation have concerned
crop canopies, where the SAIL model has been
validated. We are then in its precise applicability
conditions. (5) The radiative signal over crop fields
during the annual cycle shifts from the reflectance
of a bare soil to the reflectance of a dense and very
active canopy. Its amplitude is more important
than that of most natural ecosystems, and leads to
an easier use of the satellite signal.

The region of interest here is the Beauce region
(7500 km?), South-West of Paris, France. Winter
cereals (wheat and barley) cover more than
60% of the surface and generally reach very good
yields due to the pedoclimatological conditions.
For wheat, we use the ARCWHEAT?2 production
model (Porter, 1993): the driving meteorological
variables are the daily values of: minimum and
maximum temperature, global incident solar
radiation, water vapor pressure, precipitation.
Photosynthesis is computed at a hourly time step,
and respiration at a daily one. Following that,
CO, exchanges are simulated to determine dry
matter accumulation. The development of the
canopy, which is constrained by the amount of
photosynthetic assimilates sent to the leaves, is
essentially driven by temperature and daylength.
For,each variety, the parameters are, for instance,
the amount of cumulated temperatures required
between the various phenological stages. The
accuracy of the description of the cover develop-
ment is a fundamental point because the LAI
temporal profile directly drives the amount of
sun radiation absorbed by the canopy and used
for the photosynthesis. A good description of the
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phenology is then essential. With the meteoro-
logical conditions of a particular year, the sowing
date is the most evident pertinent parameter for
the phenology (which is also sensitive to a few
parameters related to the photoperiod and
depending on the variety). Following that, among
the various parameters which are generally not
well known at the regional level, and which have a
strong influence on the estimated NPP, a sen-
sitivity study has shown than the sowing date is the
most important. We discuss hereafter the use of
satellite data in order to estimate the sowing date.

4.1. Coupling ARCWHEAT?2 and SAIL models at
the field scale and comparison with observa-
tions

Data. The satellite observations used here are
high resolution data, in order to distinguish the
individual fields. Over the Beauce region, 4 SPOT
images were available during the wheat growing
season in 1992. The dates and angles of acquisition
are shown in Table 3. The first image corresponds
to the beginning of the spring growth, in April,
after the winter dormancy, and the three other
images were acquired at the maximum of activity
and development of the wheat canopy, in May.
Data processing provides surface reflectances
values in the red and near infrared channels at the
canopy level.

Model. To simulate the annual profile of the
visible and near infrared reflectances over the
canopy, SAIL uses the daily LAI computed by

Table 3. SPOT acquisitions over the Beauce region
during the wheat growing season

Dates (day of year) Hour 0 'R g, o,

9 April 1992 (100) 11h09 421 1626 6.6 104
13 May 1992 (134) 11h14 309 1630 16.8 105
18 May 1992 (139) 11h18 296 1647 22.7 106
19 May 1992 (140) 10hS8 305 1554 43 282

For each date, the day of year is given in parenthesis.
4, and ¢, are the solar zenith and azimuth angles, 6, and
¢, are the viewing zenith and azimuth angles, in degrees.
These angles are taken into account in the SAIL radiative
transfer model to compute the bidirectional reflectances
over the canopy in the same configuration as they are
observed by SPOT.
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AFRCWHEAT?2, the position of the sun, and the
position of the sensor, assumed to be at nadir, as
daily input variables. The optical properties of
leaves and soil, and the distribution of the inclina-
tion of the leaves (spherical) are input parameters.
Their values and the reasons for such a choice are
described in Moulin and Fischer (1993). For the
4 days corresponding to the SPOT data, the
reflectances are also computed by using the real
acquisition angles, as they are indicated in Table 3.

Comparison. To validate the linking of these
two models, we choose some specific fields where
useful information, for instance the sowing date
and the variety, are available. We can then run the
model with the appropriate values for these
parameters. An estimated value of the yield is given
by the farmer, allowing a qualitative comparison
with the grain production simulated by the model.
An example of the result of the coupling of the two
models is shown in Fig. 4. We must be careful with
our conclusions because the number of observa-
tions is limited, however, we can observe a good
agreement between model and data for the visible
reflectance, and also for the near infrared reflec-

0 eWinter wheat "SOISSON", sowing day: 15th October 1991

'Nadir simula'tion:

near infrared

0.5 )
---  visible

@ 0.4+ x:SPOT simulation
Q
8 o0 :SPOT data
i‘g 0.3
®

0.2F

0k oo ]

\\_\§£ /’
------ 1 S
0
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Fig. 4. Seasonal profile of the near infrared and visible
reflectances over a winter wheat canopy simulated by the
coupling of the crop production model AFRCWHEAT2
and the radiative transfer model SAIL. Comparison with
the measured reflectances at 4 dates of SPOT observa-
tions. The reflectances are simulated at nadir all along
the year. For the 4 dates of SPOT acquisitions, another
computation is done by taking into account the view
angles in order to simulate the reflectances in the condi-
tions of observation.
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tance in May, day of year (doy) 130 to 140, when
the canopy is well developed and very active. The
main explanation of the under estimation of the
simulated near infrared reflectance in April (doy
100), compared to the observations is that the
SAIL model is applied with the assumption of a
closed canopy. At the beginning of April, the
canopy is sparse, and the computation of reflec-
tance at the canopy level should take into account
the contribution of the soil reflectance and of the
reflectance of the green components. Preliminary
tests have shown that the simulated near infrared
reflectance is closer to the observations when the
fractional cover is taken into account. Conse-
quently, it seems possible to improve the linking of
a crop model and a radiative transfer model.
Besides, the grain production simulated by the
model is 8900 kg/ha when the estimated yield
given by the farmer is 9000 kg/ha. Then, the two
following considerations: (a) the simulated reflec-
tances are in good agreement with the observed
reflectances, and (b) the simulated production is
coherent with the farming information, suggest
that we may be confident in the various processes
described by the model: CO, fluxes, H,O fluxes,
NPP, biomass of the various elements.

4.2. Assimilation of the observations

Section 4.1 showed that it is possible to describe
the reflectance time profiles by the mean of a func-
tional model able to simulate interesting outputs
regarding the productivity. Our interest is the
possibility of using the satellite observations with
the same strategy as previously defined. The
assimilation of the satellite data should lead to the
adjustment of poorly known parameters in order
to obtain the best coherence between the model
and the data. Because we have 4 observations
during the wheat growing season, we are going to
focus on only one parameter. For estimation of
NPP at a regional level, a very important initial
condition for the model is the sowing day. As
stated before, this parameter strongly drives the
phenology, the seasonal profiles of the reflectances
and of the CO, exchanges. Consequently, it has a
fundamental effect on the NPP estimation. The
effect of the change of the sowing date on the
modelled near infrared reflectance profile is essen-
tially a shift of the ascending branch. Although the
number of available observations is reduced, we

Tellus 47B (1995), 1/2

259

expect that these 4 images will allow us to control
the timing of the development of the canopy, by
adjustment of the “best” value for the sowing day.

The experiment will consist of trying to retrieve
the most probable value of the sowing date for the
Beauce region. We focus on a 40 x40 km square.
The agroclimatological conditions on this site are
considered homogeneous, which means that all the
fields covered by a particular crop show a rather
similar canopy behavior. For each SPOT acquisi-
tion, we compute the average near infrared reflec-
tance of the fields classified as wheat. We have then
four data that we call “regional observations” for
the wheat canopy. According to the agricultural
statistics of the region, the most frequent sowing
day in 1991 was the 15th of October (doy 288). We
can verify that the run of the model with such an
initial condition agrees with the regional observa-
tions (full curve of the Fig.5). In the following
part, that profile is called “reference profile”.

In our test, the model is run with an initial value
for the sowing date (Ist guess). The same
optimization algorithm as in 2.2 (simplex) is used
to determine the value of the sowing date which
leads to the minimum of differences between the
simulation and the observations. 7 initial values
for the sowing date have been tested, in a range of
plus or minus one month around the 15th of

Winter wheat "SOISSONS”

0.6 —
0.55 —  reference
§ 0.5F e 1st guess
]
20.45¢ ---  adjustment
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° o : SPOT data
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£ o3t
2
2025 )
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0.15¢
ep 91 Dec 91 Mar 92 Jun 92

Fig. 5. Change in the near infrared profile due to the
adjustment of the sowing date. The SPOT data are the
average near infrared reflectances over all the wheat
fields of the studied site. The adjusted profile is very close
to the reference profile, plotted with the value of the
sowing date which is the most represented according to
the agricultural services.
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October. An example is plotted on Fig.5: the
initial sowing day is the 25th of September (doy
268), and the retrieved sowing day after adjust-
ment is the 14th of October (doy 287). We have
observed some sensitivity to the choice of the
initial value. For 5 cases, the result is excellent:
the 15th of October date, which is known to be the
most frequent sowing day, is retrieved with a
maximum variation of 1 day. In 2 special cases, the
minimization procedure does not find the absolute
minimum of the cost function. The iterations stop
at a local minimum, which corresponds to a date
8 or 9 days too early. These 2 cases are not
obtained for the initial values the farthest from the
“reference” one, and there is no simple interpreta-
tion of such a result. Because we try to adjust only
one parameter, it could have been simpler to
systematically compute the cost function on the
whole set of possible values for the sowing day.
Moreover, this parameter only takes integer
values, which considerably reduces the number of
runs. In that case, the absolute minimum is always
found. However, it is interesting to look at the
results of a more general minimization algorithm,
usable in any case: with several parameters which
can vary in a continuous way (this also maintains
coherence with Section 2). Without further invest-
igations on the various mathematical methods
here, we simply conclude that the minimization
procedure “downhill simplex method”, must be
used with care. The first minimum found by the
algorithm may not be the right one, so two or three
runs with different first guesses must be tried if we
decide to use this minimization procedure.

A particular interest of the adjustment of the
sowing date is the possibility to improve the NPP
estimation. The histogram of the seasonal NPP
estimated from different initial values of the sowing
day is shown in Fig. 6. We can see the changes
between the NPP result with the sowing date used
in the first guess and the NPP result with the
adjusted sowing date. The NPP value estimated
by the model in the case of what we call the
“reference” profile (2790 gCm2year !, for a
sowing on the 15th of October, doy 288) is
indicated by the dashed line. We have computed
the changes in the relative error of the estimated
NPP after the adjustment. The average relative
error which is 7.2 % before adjustment decreases to
3.2% when the satellite observations are used. The
two particular cases, when the iterations do not

L. KERGOAT ET AL.

W PP st guess
NPP (g.C/m?/y)
@C/miry i . odjusted NPP

5600 L. lue NP

3400

3200 ¢

| |

2800 + [I AAAAA o l ...........

2600 ¢ | : l |

2000 - | : i . I !

220 ¢ ‘ | : J

2w . — 1, R I
258 268 288 298 3

o
\
278 Or ‘ 318
Sowing date (st guess)
Fig. 6. Changes in the estimated NPP due to the adjust-
ment of the sowing date depending on the initial value
chosen for the 1st guess. Comparison with the estimated
NPP value which corresponds to the reference profile.

find the “correct” sowing date, prevent this result
from being better.

This section has tested the assimilation of
satellite observations in a crop model. This demon-
strates that vegetation models, for crops at least,
describe the canopy development with sufficient
accuracy to be coupled with satellite data and that
reflectance model leads to satisfying results. We
conclude that we are confident in the combined
use of satellite data and functional models with
such an approach improving the various biological
outputs of the model, but that the minimization
algorithm must be carefully applied.

5. Discussion

Our theoretical considerations, the results of the
synthetic study and application to real vegetation
and measurements suggest that controlling a
prognostic vegetation model by satellite data can
improve the accuracy of the model outputs. This is
a new approach in the field of vegetation function-
ing studies, and some remarks can be made to
point out particular questions. The method that
we propose is a “model to satellite” approach
(Hollingsworth, 1990), insofar as it uses direct
modelling from the vegetation model to the remote
sensor. One can try to retrieve, as a first step, some
biophysical variable (e.g., weekly LAI or APAR),
and to find agreement between the evolution in the
vegetation model and the retrieved data (a step
towards “satellite to model” approach). In theory,
the first method should lead to better results,
avoiding errors in LAI inversion. This inversion
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requires a strong filtering of the radiometric
measurements which are based on a priori knowl-
edge (for example maximum value composite
of NDVI, Holben, 1986). In particular, recent
methods (BISE: Viovy etal, 1992) assume a
minimum time for canopy decrease and regrowth.
Clearly, this a priori knowledge is included in
the “model to satellite” approach. However, it
requires accurate direct modelling of reflectances,
and therefore LAI and optical properties temporal
profiles. Developments of LAI measurements (with
portable optical sensors) are expected to result in
better understanding and modelling of canopy
behavior for natural ecosystems. Modelling the
structure of vegetation canopies and their seasonal
variations is a critical issue (a) for carbon cycle
assessment, (b) for coupling with satellite data but
also (c) for climate research (Pielke et al., 1993).
In this study, we focused on seasonal vegetation
and satellite measurements in the solar spectrum.
Therefore, for global scale applications, savan-
nahs, steppes and deciduous forests ecosystems are
natural candidates for vegetation model control by
satellite observations. Moreover, the first informa-
tion which is expected concerns phenology modell-
ing. Besides, inclusion of measurements from other
sensors or wavelengths is straightforward, for
example by adding properly weighted terms in the
cost function, when accurate direct modelling from
vegetation to satellite exists. Water in plant and
soil, latent heat fluxes, canopy biomass, structure
and temperature have been related to microwave
and thermal infrared measurements (Kerr and
Njoku, 1993). Finally, we outline how the develop-
ment of vegetation models and assimilation of
satellite data should proceed in close connection,
because the control strategy requires accurate
analysis of the model errors, to determine the
control variables for instance.

6. Conclusion

We present, in this paper, a methodology for
coupling prognostic model of vegetation and
remote sensing measurements. This approach
postulates that errors on model parameters or
initial state can be corrected, by finding the best
agreement between satellite observations and
reflectances. These reflectances are computed from
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the model state variables, (LAI for example) with
a direct “scene” model. We briefly discussed the
difference between this approach and previous
studies dealing with the coupling of satellite data
and vegetation modelling. A synthetic experiment
with a generic vegetation model, designed for
carbon cycle investigations, shows that processes
like allocation of carbon to the leaves and phenol-
ogical behavior of a deciduous-forest canopy can
be controlled, and that carbon exchanges estima-
tion is then improved. Assimilation of real satellite
observations in a crop model leads to enhanced
simulation of vegetation functioning, as ground-
truth information confirms that a good retrieval
of the sowing date is achieved. At the global
scale, assimilation of coarse resolution remote sen-
sing measurements in process vegetation models
should improve seasonal and inter annual varia-
tions in NPP and CO, fluxes estimations, espe-
cially for ecosystems with marked seasonality.

7. Acknowledgements

This work was carried out at the Laboratoire
d’Etudes et de Recherches en Télédétection Spa-
tiale (LERTS) as part of the European project
“The global Carbon Cycle and its perturbation by
man and climate. Part II: Biosphere”, supported
by the Environment program of the Commission
of the European Communities, and as part of the
project: “Synergie entre modéles de fonctionne-
ment de la végétation et observation satellitaire”,
supported by the Région Midi-Pyrénées under
grant n°9200795. Laurent Kergoat is supported
by CNRS-INSU, and Sophie Moulin by the
French Ministry of Research and Technology.
The authors gratefully thank John R. Porter for
providing the code of the ARCWHEAT2 model.
The MARS project (JRC, Ispra) is acknowledged
for providing the SPOT data, and SOTEMA for
processing them.

8. Appendix

This section details eq. (2.1).
Allocation and phenology have been discussed
in Section 3.
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Photosynthesis:

LAI ACO, d

Pn=D Ryom+ Resoll)
n aylength. I—o Rstom “+ Rmeso(l)

Stomatal and mesophyll resistance models are
taken from Running and Coughlan (1988) (depen-
dence on air temperature and humidity, soil water
content) the photosynthetic rate is integrated over
the canopy, assuming an exponential extinction of
light with depth.

Autotrophic respiration is the sum of main-
tenance and growth respiration: Ra=Rm + Rg=
ae’™M 4+ c AM,, where M, is the carbon content
of the compartment, AM, the daily allocation of
carbon to M,.

Senescence and translocation from storage are
constant fluxes for each phenological stage.

Transpiration rate Tr is computed according to
the Penman—Monteith formula.

Water bucket model:

fi—VI—/:Pr—Tr—R
dt

where W is the soil water content, Pr daily
precipitation, R runoff or drainage, which occurs
when W>W,_..;

L. KERGOAT ET AL.

parameter set:

Carbon

initial Growth

value Maintenance resp.
leaves 0.0 0.00015 0.10
stem 5.0 0.00004 0.10
fine roots 0.0 0.0002 0.10
storage 0.38 0.0 0.10
units kgCm~?|kgCkgC~'day~'|kgCkgC™!

Wnax =030 m m ~2;

I/Vinitial value = 030mm “2;

parameters for flux modelling are taken from
Running and Coughlan (1988) except the follow-
ing:

maximum mesophyll conductance:
0.00l ms™Y;

maximum stomatal H,O conductance:
0.002ms™';

cuticular conductance:
0.000066 ms~!;

SLA: 150m*kg C~ 1.
mortality of leaves:
0.0008 kg C m~2 day ~! during growth;
0.007 during senescence period;
translocation from storage:
0.009 kg C m™2 day™!, until storage is empty.
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