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ABSTRACT
Two approaches can be distinguished for crop production forecasting : statistical methods, which are sitespecific and can hardly allow to assess exceptional events, and crop growth models which allow dynamic
diagnostic and prognostic. However, the use of process models at regional scale is limited by the lack of
spatialized information on model parameters. Here, we propose an approach where remote sensing information
is used to calibrate a crop growth model for regional application topics. As an illustration, we present a study
performed over a sugar beet factory basin where the most variable in space within crop parameters are those
related to the crop implantation at the beginning of the crop life, and those related to roots behavior during water
stress episodes. In this study, not only the spatial variability of the crop growth parameters, but also that of the
radiative transfer model parameters, was taken into account. High spatial resolution airborne and SPOT data
were used to calibrate the crop model for each field of the region. Then the crop model was used to predict the
sugar production on a number of fields representative of the basin. Both parameters estimates and final sugar
production estimates were consistent with validation ground measurements.
1. INTRODUCTION
Regional forecast of crop production is of major interest. As satellite remote sensing supplies observations over
large areas at even times, they may be helpful for the crop monitoring at regional scale. In particular, spatial
variations of the environmental conditions, which influence crop growth and development, could be accounted
for, without tedious ground field surveys. Currently, most of the operational applications are based on a
descriptive analysis (see Allen, 1990; Meyer-Roux and King, 1992; Genovese, 1997). To estimate yields at a
regional scale, quantitative analysis requires more complex methodologies, such as the coupling of satellite data
with crop production models, as first suggested by Wiegand et al. (1986).
Remote sensing information can be used to monitor crop growth in many ways, from empirical to mechanistic
approaches (see Moulin et al., 1998). The observed radiometric signal can be related to various canopy state
variables through radiative transfer models or empirical relationships. Those canopy variables appear in some
physiological functions, when integrated in time, they lead to the final yield determination. In particular, the
reflectances acquired in the solar spectrum are related to the photosynthetically absorbed radiation and the leaf
area index (Asrar et al., 1984). When reflectances are combined into vegetation indices and cumulated along the
growing season, a correlation with the production is obtained (Tucker et al., 1981). However, due to the
empirical nature of those relations, they only have local validity.
The knowledge of mechanisms such as the absorption of the photosynthetically active energy, its conversion
into biomass and the allocation in plant organs is necessary. Kumar and Monteith (1981) proposed a method to
combine radiometric measurements with the Monteith’s efficiency model (1977). Here the radiometric data, used
as model input, gives a diagnosis concerning the canopy status and activity, the model therefore provides a dry
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matter production estimation. This diagnostic model is rather simple to use but does not describe the growth and
development processes. Such a description is available through agrometeorological mechanistic models.
Crop growth models (Whisler et al., 1986) are designed to describe the time course of the main crop state
variables (leaf area index, organs biomass, phenological development…) and of energy and matter fluxes
(carbon, water, nutrient) at the soil-plant-atmosphere interface. The simulation is computed depending on soil
and climate conditions, and on farming practices usually defined at field scale. Crop mechanistic models give
both diagnostic on crop status, and prognostic. But despite the mechanistic formalism, some processes like the
allocation of daily assimilates in the different organs are described through empirical relationships. Therefore,
inaccuracy in the coefficients may lead to important errors on the biomass production estimation (Porter, 1984).
As introduced by Wiegand et al., 1986, the remote sensing measurements can be combined to
agrometeorological models to correct the model simulations. Several methods were developed to correct the crop
state variables estimations or adjust some unknown model parameters, by using the remote sensing signal
dynamics along the crop cycle.
The monitoring of crop growth at regional scale using crop growth models, is hampered by the difficulty of
obtaining information about local conditions or crop characteristics. Particularly, weather and soil conditions
may vary a lot, as well as the characteristics depending on farmers cultural operations. Remote sensing, which
gives extensive spatial information on the real crop growth status, is a practical way of estimating this spatially
distributed information and make the spatial application of the model possible. One of the methods (Bouman et
al., 1990, Guérif and Duke, 1998) consists in assimilating remote sensing data into the crop model, providing a
local adjustment of the crop model. We show through a case study how such a method can be used on a sugar
factory area to estimate sugar beet yields using a crop model and remote sensing data (optical domain).
2. A CASE STUDY
The objective was to evaluate the relevance of a method consisting in evaluating crop parameters and yield in
virtual regional conditions where neither the initial condition (sowing date) nor some important crop parameters
(crop establishment characteristics) are known (Guérif et al., 2000). First, the variability of emergence and early
growth conditions at regional scale and its consequences on yield is illustrated. Then, the methodology of model
adjustment developed on a local scale is described. A section is devoted to the sensitivity of the recalibration
method to errors in radiative transfer model estimates. Finally, the possibility of application of the method on a
larger scale was evaluated.
2.1. Variations in crop model parameters at regional scale
Farmers have tended to sow sugar beet earlier each spring during the past decade, in order to maximize the
potential growth of the crop and the final root dry mass. These early sowing dates, when possible, raised the
probability of more difficult conditions during the sowing-emergence phase which delays emergence (the
temperature sum required for emergence may rise from 100°C day to 180°C day, base 0°C), decrease the
proportion of plants which can emerge (50% emergence rates compared to normal rates of 95%) and therefore
result in fewer and smaller plants at emergence (Boiffin et al., 1992). In the SUCROS model for sugar beet
(Spitters et al., 1989), these characteristics of crop establishment are key parameters of the module for
emergence and early growth (SEMERG, the thermal time from sowing to emergence, NPL the number of plants
emerged, and LA0 the initial leaf area per plant at emergence (the product of NPL by LA 0 being the initial LAI,
LAIinit). We have shown (Dürr et al, 1999) that the variation in emergence and early growth parameters could
explain up to 20% in yield variation. Moreover, sowing dates which is an initial condition of the model, may be
highly variable according to weather conditions and farmers agenda; this variability increases the variability of
yield results. We performed measurements (Fig. 1) that illustrate the variability of initial conditions, parameters
and yields on sugar factory areas.
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Figure 1. Variations in sowing dates, crop establishment characteristics (number of plants emerged per m 2 and thermal time
from sowing to emergence (°C.days, base 3°C), and yields over 50 fields in 2 sugar factory areas .

Moreover, water stress may also have very heterogeneous effects on yield elaboration during drought summers,
according to the structural and textural soil properties. This can be taken into account in the new version of the
SUCROS model by the crop/soil water balance parameters (van Laar et al., 1992).
2.2. Crop model recalibration using assimilation of remote sensing data
The method was tested first on a local scale. SUCROS-sugar beet model was coupled to the SAIL radiative
transfer model (Verhoef, 1984) by means of the LAI variable (Fig. 2). The models were calibrated to be adapted
to the regional context in a previous phase, using experimental data obtained for a crop grown in optimal
conditions (Duke, 1997). The method was tested on a different set of experimental data, for which crop
establishment was intentionally disturbed (SEMERG increased and LAIinit reduced). The default values for the
parameters were used in the SUCROS+SAIL model to simulate the spectral reflectance in 3 bands (green 500590 nm; red 620-680 nm; near-infrared 790-890 nm), which was compared to four measurements made with a
Cimel hand-held radiometer during crop establishment. Minimization of a criterion based on the differences
between simulated and measured reflectance using an optimization software (Stol et al., 1992), enabled the
method to re-estimate properly the emergence and early growth parameters as well as the crop yield of the test
crop (Guérif and Duke, 1998).

Figure 2. Flowchart showing the assimilation of remote sensing data into the crop model.

Transposition of this method to large spatial domains adds new difficulties : (i) determining SAIL parameters,
which depend on plant and soil characteristics other than LAI (canopy geometry, leaf optical properties, and soil
reflectance) and may vary considerably from one place to another ; (ii) estimating for each field not only the
emergence results but also the sowing date.
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2.3. Sensitivity of crop model recalibration to errors in SAIL parameters estimates
We proposed a method for estimating SAIL parameters that uses beforehand knowledge on crops and soils
(Duke and Guérif, 1998):
- soil reflectance is derived from pre-established response curves to soil type (as given by soil maps) and
humidity (as given by weather in the previous days).
- canopy geometry and leaf optical properties are derived from the age of the crop, as given by LAI.
We showed (Duke and Guérif, 1998) that this way of estimating SAIL parameters allowed to reduce greatly the
errors made on reflectance estimates in the process of assimilation, as compared to the usual approaches with
standard values.
RRMSE=0.43

RRMSE=0.29

RRMSE=0.07

RRMSE=0.04

Figure 3. Estimated LAI time changes and final root dry mass as resulting of the 250 processes of reflectance assimilation
into SUCROS+SAIL model for a medium sowing date, poor emergence results, using 2 options for estimating SAIL
parameters. The solid line on LAI graphs represents the real LAI changes with time, the dotted lines the simulated one. The
vertical arrow on root dry mass graphs represents the « real » value of yield. RRMSE values are reported.

This reduction of errors on reflectance estimates reduced the errors in crop model recalibration. Fig. 3 shows
the results of 250 processes of assimilation into the crop model of 5 reflectance data during crop establishment
period, for one situation of medium sowing date and poor emergence results. We used a Monte Carlo type
method where the “real” SAIL parameters were drawn from realistic distributions of values established by the
beforehand measurements and the estimated values either by the cited method (option 2) or by standard values
(option 1) (Guérif et al., 2000) : simulation of LAI and final roots dry mass are much better with option 2, and
confirms the interest of bringing beforehand knowledge on soils and crops in the methodology of crop model
recalibration.
Table 1. Comparison of 250 assimilation processes results on root dry mass (RDM), LAI, sowing date (SWD) and emergence
parameters (SEMERG, LAIinit) estimates for a medium sowing date, good emergence results. RMSE or RRMSE * are given.

RDM*
LAI*
SWD
SEMERG
LAIinit*

Spectral reflectance
0.022
0.11
9.4
12.2
0.28

TSAVI
0.008
0.04
4.9
7.2
0.11

The results of the method were greatly improved by using no longer the spectral reflectance variable, but a
combination of them into a vegetation index, TSAVI (Baret and Guyot, 1991) which allowed to minimize the
weight of remaining errors on canopy reflectance estimates. Not only the estimates of final root dry mass and
LAI time change were improved, but also the estimates of sowing date and emergence parameters (Tab.1): the
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assimilation method makes it possible to retrieve not only accurate values of some variables simulated by the
model (yield, LAI,…) but also of unknown values of model parameters or initial conditions.
2.4. Validating the method at a regional scale
A large experiment was designed in 1995 to allow the validation of the method in farmer’s conditions. Two
sugar factories were involved, providing each one 25 fields having experienced different sowing and emergence
conditions, on many different soil textures (water storage from 0.5 m to 3.5 m in root zone). Measurements of
emergence results were done and the root yield was precisely recorded at harvest (cf Fig. 1). Five remote sensing
data were acquired during the canopy establishment period by airborne measurements (the 20 th and the 28th of
June) and SPOT data (the 5th of May, the 24th of July and the 3rd of August). These data were geo-referenced, and
converted into soil surface reflectance by using a model of radiative transfer in the atmosphere (Launay et al., in
press). The detailed soil map of the region and the field boundaries were superimposed to these images in order
to extract for each field, the different functional soil units.
In order to take into account the water stress effects occurring during the summer, we used a modified version
of SUCROS, simulating the effects of drought of leaf death rate and on redistribution of assimilates. A first step
consisted in combining this model with the SAIL model and simulating vegetation index TSAVI change with
time, using the recorded data of sowing date and emergence results, and the estimated SAIL parameters from
soil map, weather conditions and LAI. This step allowed selecting the fields for which such a combined model
was able to correctly represent crop growth and spectral signature. Different assimilation strategies have then
been tested on a 9 field representative sample chosen inside this database (Launay and Guérif, 2001). We present
here the results obtained with one of those strategies, re-estimating two crop establishment parameters of the
SUCROS model (SEMERG and LAIinit) and two crop/soil water balance parameters (EZRTC and ZRTMC) and
assuming that the sowing date is known (Tab.2). Range of those parameters have been determined from surveys
and experiments in our area of interest.
Table 2. List of parameters to be re-estimated at regional scale.

Parameter
SEMERG

Unit
°C.j

LAIinit (NPL*LA0)
EZRTC

m²/m²
mm.d-1

ZRTMC

m

Crop
establishment
Crop/soil
water balance

(a)

Meaning
Thermal time from
sowing to emergence
Initial leaf area index
Constant for root
elongation
Maximum rooted depth
(b)

Simulated yield / Observed yield
(default parameter values)

Range
60, 170

0.00098
0.012

0.00024, 0.00378
0.008, 0.016

1.8

0.6, 1.8

Simulated yield / Observed yield
(re-estimated parameter values)

100

100
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Figure 4. Simulated yields compared to observed yields on 9 fields (a) by the SUCROS model with default parameter values
(b) by the SUCROS model with re-estimated parameter values.
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The assimilation results on those 9 fields are presented on Figure 4. The simulated yields before assimilation
(with default parameter values, Fig. 4a) and the ones after assimilation (with re-estimated parameter values, Fig
4b.) are compared to the measured yields.
By re-estimating those 4 parameter values, the yield Relative Root Mean Square Error has been reduced from
27.7% to 12.1% and the correlation between simulated and observed yields increased from 0.23 to 0.84. For the
field 3 the assimilation method do not success in reducing enough the TSAVI curve as it is shown on Figure 5a.
In fact, on this field the chalk is 0.3 m deep and the crop establishment is very long (around 200°C.j between
sowing and emergence). The range given for the SEMERG and the ZRTMC parameters are not wide enough to
reach those values, and then the SEMERG re-estimated value is 169°C.j and the ZRTMC re-estimated value is
0.61 m. For the other fields the assimilation method allow to predict satisfying yields through a good
minimization of TSAVI error as it is shown for the field 4 on Figure 5b.
(a)
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Figure 5. Simulated TSAVI by the SUCROS/SAIL model before and after assimilation compared to the observed TSAVI on
remote sensing data (a) for the field 3 and (b) for the field 4.

The results yet obtained suggest that the method proposed have great potential for enabling crop model use
everywhere spatial variations are involved. It may be applied in regional scale applications like yield prediction
as presented here, or for precision agriculture, for adapting the cultural practices to within-field variability. The
model, spatially updated thanks to remote sensing data assimilation, allows to make a diagnosis on crop status
and to provide recommendations for a spatially variable application of cultural practices.
3. CONCLUSION
As shown through this example, remote sensing techniques represent an opportunity to upscale the crop model
from field to regional scale. In particular, since the radiometric signal in the short wavelength range can be
related to the canopy structure of the crop, the linkage of the crop model with a radiative transfer model round
this canopy structure variable leads to the radiometric signal simulation. Conversely, one can utilize the
radiometric signal to calibrate the crop growth model by minimizing the difference between simulated and
observed reflectances with an optimization process. In this approach, the minimization is performed by tuning
some unknown field-specific parameters.
The strategy of model calibration using remote sensing information is of great interest for regional production
purpose through the local estimation of parameters. This approach can also be extended to some related topics
like precision farming were a spatially accurate knowledge of some parameters is required.
However, some limitations of this method are related to the use of remotely sensed data. The expected results
are limited by the quality of the remote sensing data used. For instance, at regional scale, the atmospheric
corrections face the problem of uncertainty about water vapor and aerosol content. So the use of satellite
observations implies the quantification of residual disturbing effects. An other drawback is related to use of the
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crop models. Those models were initially built up to simulate crops at field scale. For regional scale topics, a
field specific calibration is required.
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