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Abstract

Wheat is the most widely-grown food crop in the world and the most important cereal crop
traded on international markets. An early prediction of its yield prior to harvest at regional,
national and international scales can play a crucial role in global markets, policy and decision
making. Many models for yield forecasting are available with varying levels of complexity
and empiricism. The use of remote sensing technology for monitoring crop condition and
predicting crop yields at regional scales have been studied extensively during these last
decades. Earth observation data, owing to their synoptic, timely and repetitive coverage, have
been recognized as a valuable tool for yield and production forecasting.

At field level, studies on crop breeding showed that a close correlation exists between green
leaf area (GAI) during maturation and grain yield in wheat. Thus, the onset and rate of
senescence appeared as important factors for determining grain yield of this crop. The aim of
this research is to explore a simplified approach for wheat yield forecasting at the European
NUTS-3 administrative level, based on metrics derived from the senescence phase of GAI
estimated from remote sensing data. This study takes advantage of considerable recent
methodological improvements in which imagery with coarse/medium spatial resolution but
high revisit frequency is exploited to derive crop specific GAI time series by selecting pixels
whose ground-projected instantaneous field of view is constituted by a high cover fraction of
winter wheat.

This approach is testing on one crop growing season over a 300 by 300 km study site
comprising Belgium and northern France within the framework of the GLOBAM (GLOBal
Agricultural Monitoring systems by integration of earth observation and modelling
techniques) project. The validation of such an approach will involve the comparison with
official wheat yield data at NUTS-3 level.
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1 Introduction

Over the last decade, studies on crop breeding, especially winter wheat (Triticum aestivum L),
showed that there is a close relation between leaf area during maturation and grain yield in
wheat (Gooding et al., 2000; Reynolds et al., 2000 ; Richards, 2000 ; Dimmock et al., 2002 ;
Blandino et al., 2009). Some of them also revealed that fungicides have been associated with
yield increases due to the maintenance of the photosynthetic life of the canopy during grain
filling. The onset and rate of senescence are important factors for determining grain yield in
winter wheat. The basic assumption underlying these studies is that flag leaf photosynthesis in
wheat contributes to about 30-50% of the assimilates for grain filling (Sylvester-Bradley et
al., 1990). Due to the fact that only flag leaves are considered, these studies might be difficult



to implement in a large-scale monitoring framework. Indeed, very few studies directly link
parameters quantifying the decrease in green leaf area to final winter wheat yield.

Several methods of direct and indirect leaf area (LAI) measurements have been developed
(Gower et al., 1999 ; Jonckheere et al., 2004 ; Weiss et al., 2004). For the types of vegetation
cover in which it is often difficult to separate leaves and other organs below due to plant
architecture, the concepts of Plant Area Index (PAI) (Neumann et al., 1989 ; Bréda, 2003 ;
Hosoi et al., 2009) or Green Area Index (GAI) (Olesen et al., 2002) are used.

Satellite remote sensing can supply observations over large spatial extents with a regular
revisit frequency. High observation frequency (e.g every 1-7 days) is necessary for crop
growth monitoring, especially when anomalies due to climatic variability are to be detected.
However, several agricultural landscapes require spatial resolution to be finer than that
offered by current Earth observation instruments with the adequate revisit frequency and
swarth (Duveiller and Defourny, 2010). To overcome the problems of coarser spatial
resolution and area heterogeneity, data from medium spatial resolution sensors such as the
Moderate Resolution Imaging Spectroradiometer (MODIS) can be used so long as the
adequacy between target and observation support is assured (Duveiller et al., 2009).
Information concerning the location of the target crop must therefore be known in order to
identify which MODIS pixels can be considered crop specific.

An early prediction of wheat yield prior to harvest at regional, national or international scales
can play a crucial role in global markets, policy and decision making. Many models for yield
forecasting are available with varying levels of complexity and empiricism (Supit, 2000;
Duchemin et al., 2008; Becker-Reshef et al., 2010). The aim of this research is to explore a
simplified approach for wheat yield forecasting at the European NUTS-3 administrative level,
based on metrics derived from the senescence phase of green area index (GAI) retrieved from
remote sensing data.

2 Methodology
2.1 GAI retrieval from MODIS time series

The method for extracting wheat specific GAI time series from MODIS daily reflectance is
detailed in Duveiller et al. (2009). This approach consists in first assuring the adequacy
between the MODIS 250m grid and the wheat fields over the study area. To do so, a kernel
modelling the MODIS spatial response is convolved over a fine spatial resolution (30m)
winter wheat crop mask realized in the framework of the GLOBAM project. The result is a
pixel purity map, relating the pixel-target adequacy between MODIS pixels and surfaces
covered by winter wheat, that is used to select the pixels whose ground-projected
instantaneous field of view is covered by winter wheat by at least 80%.

Once daily NIR and RED reflectance time series are isolated, GAI is derived from them using
the algorithm developed for the CYCLOPES products (Baret et al., 2007). This algorithm is
based on the inversion of the PROSAIL radiative transfer model using a neural network
approach. PROSAIL is a combination of the SAIL canopy model developed by Verhoef
(1984) and the PROSPECT leaf model developed by Jacquemoud and Baret (1990). The use
of a radiative transfer model helps the methodology to be applicable in different agro-
ecological contexts. Indeed, the biophysical variable retrieval is based on physics rather than
locally adjusted empirical relationships. Using a neural network to achieve the inversion
procedure helps rendering the approach computationally efficient. Both these characteristics
are interesting in an operational monitoring perspective.



2.2 Decreasing curves of GAI profiles

The method presented here is tested on winter wheat (Triticum aestivum L) for a single crop
season in the year 2009 over a 300 by 300 km study site comprising Belgium and northern
France. A preliminary analysis of several GAI profiles showed some noise on them. In order
to correct these noises, filters corresponding to criteria listed herein are used:

e Number of observations (> 10 over the crop growth)

e Pre-season GAI (< 1.5) and Post-harvest GAI (<1.0)

e Maximum GAI in accordance to the day of year of maximum value of CSDM (Canopy
Structural Dynamic Model) fit, Day of year of the maximum GAI (> 135)

e RRMSE (relative root mean square error) between CSDM fit and observations
(temporal consistency)

The CSDM is a simple semi-mechanistic model which describes the combined effect of
growth and senescence with respect to thermal time by means of a mathematical expression.
The CSDM used to interpolate GAI in time was developed by Baret (1986) and improved by
Lauvernet (2005).

After applying these filters, ‘pure’ pixels are globally distributed on 10 NUTS2 in Belgium
and 6 NUTS3 in Northern France (Fig.1). Note that Nomenclature of Territorial Units for
Statistics (NUTS) are administrative units within the European Union for which agricultural
statistics are collected. NUTS3 is the finest spatial level at which agricultural statistics are
available that allows the investigation of yield variability across a broad geographical range.
Due to the size of NUTS at country level, for countries such as Belgium NUTS2 scale is
preferred.
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Figure 1: Spatial 'Pure’ pixels distribution on Northern European site
A. Before applying filters. B: After applying filters

2.3 Climatic variables



Meteorological input for the thermal time calculation is based on grid which dimensions are
10 x 10km. The methodology for data interpolation is the same used in CGMS (Crop Growth
Monitoring System) (Supit, 2000). Weather data from weather stations are obtained from the
Belgium CGMS system for the Belgian territory and from the European CGMS outside
Belgium.

2.4 Curves fitting

In our study, GAI curves are fitted using two functions proposed by Gooding et al. (2000):
modified Gompertz model (Eg. 1) and Logistic model (Eqg. 2).

G = A*EXP[-EXP{-k*(t -m})] 1)
G=aA/1+EXP(k*{-m) (2)

Where G = GAI, A= initial percentage of GAI, m = position of the inflexion point in the
decreasing part of the GAI curve, k = relative senescence rate, and t = time.

When A is fixed at 100 (GAI maximum value), the inflexion point appears when G = 37% in
the case of modified Gompertz model (resp. 50% for the logistic model). The time step
considered is the thermal time expressed in growing degree-days. In this analysis time period
begins at the date where GAI equal to GAlmax. Thermal time at this date is set to 0, and then
cumulated for the next days. Thermal time for each 'pure’ pixel is calculated with data from
grid in which it falls in. Quality of curve fitting is measured by the variance accounted for
(VAF): VAF (%) = 100*(1-(residual mean square/total mean square)).

2.5 Yield estimate modelling

The determination of models is done referring to the curve-fitting function used (modified
Gompertz or logistic). Models are calculated by multi-linear regression. Inputs are the derived
metrics (m and k), GAlmax and official statistical yield data. Models then selected for
validation are those having at least two variables (variables are not correlated). Official
statistical yield data concerned NUTS3 level for France and NUTS2 level for Belgium.
Aggregation at NUTS level is done by taking the mean value of parameter for each NUTS.
Regarding to the VAF obtained after fitting, a threshold is taking account to aggregate data.
Statistical treatments for curve-fitting and modelling (regression and bootstrap) are carried out
respectively with Proc NLIN and Proc GENMOD procedures of SAS® software.



3 Results
3.1 GAI decreasing curves fitting

The VAF obtained after curve fitting differ from one point to another. In general, VAF are
more than 70% both in the two cases (Fig. 2). For modeling, a threshold of 70% is taking into
account to value the quality of adjustments and avoid influence of bad values on the quality of
results.
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Figure 2: VAF (%) classes obtained after curve fitting
A : by modified Gompertz function ; B : by Logistic function

3.2 Regression-based models

Correlations analyses between independent variables for models showed that metrics Mgomp
and Kgomp (modified Gompertz function), respectively Mlog and Klog (logistic function) are
correlated. Four models are then deduced to perform next analyses. There are : Mod1 : Yield=
fct(Mgomp, GAImax); Mod2: Yield= fct(Kgomp, GAlmax); Mod3: Yield= fct(Mlog,
GAIlmax) and Mod4 : Yield= fct(Klog, GAlmax).

Table 1 and 2 reveal that models involving either Mgomp or Mlog and GAlmax as
explanatory variables, give best estimators for wheat yield (small value of the intercept, good
RMSE and adjusted r?).

Table 1: Characteristics of selected models

Lower 95% CL  Upper 95% CL

SD of for for
AdjRz2  RMSE Mean_residuals residuals Mean_residuals Mean_residuals
Mod1 0.67 0.29 0.26 0.24 0.25 0.26
Mod2 0.44 0.33 0.33 0.34 0.32 0.34
Mod3 0.70 0.29 0.24 0.24 0.23 0.24

Mod4 0.54 0.32 0.31 0.28 0.3 0.32



Table 2: Analysis of maximum likelihood parameter estimates

Parameter DF Estimate Standard  95% Confidence Limits
Error
Intercept 1 -0.18 3.49 -7.01 6.66
Country BE 1 0.68 0.30 0.10 1.26
Mod1 Country FR 0 0 0 0 0
Mgomp 1 0.0034 0.0019 -0.0003 0.0070
GAlmax 1 1.46 0.61 0.26 2.66
Scale 1 0.50 0.09 0.35 0.71
Intercept 1 -0.06 3.20 -6.33 6.21
Country BE 1 0.80 0.30 0.21 1.39
Mod 3 Country FR 0 0 0 0 0
Mlog 1 0.0044 0.002 0.0005 0.0083
GAlmax 1 1.40 0.57 0.28 2.52
Scale 1 0.48 0.09 0.33 0.68

Regression-based models are performed, taking into account Country effect. Based on the
least squares means analysis (not shown in this paper), good significances of estimation are
obtained. Through this kind of analysis, wheat yield can be estimated easily.

4 Discussions

Studies on crop growth monitoring by remote sensing showed that a logistic model based on a
simple combination of three parameters for the leaf senescence modelling can be used (Baret
et al., 1986). This study shows that the decrease part of GAI can be adequately described by
modified Gompertz or logistic function used for flag leaves. Based on the conclusion of the
study of Gooding et al. (2000) and extending this approach to a large scale, results presented
here show that final yield could be estimated from the GAImax and the inflexion point in the
decrease part of the GAI. This conclusion is partly that of Baret et al. (1986) that wheat
production could be estimated from the senescence rate and other parameters.

The main objective of this study was to develop a regression-based model that was
transferable and directly applicable at other regional and national levels. Our study suggest
the possibility of obtaining good levels of precision in terms of wheat yield estimates based on
the GAI decreasing curve.

Extending this approach, future studies to assess the degree of precision which can be
achieved, compared to other existing operational systems. Wheat yield can be estimated from
metrics derived from the GAI decreasing curves and its maximum value, based on an
empirical approach. One of the main drawbacks of such empirically-based models for
estimating crop yield has been that their application is valid only for the area they have been
calibrated for. Nonetheless, they are often the preferred approach owing to their limited data
requirements and simplicity to implement (Doraiswamy et al., 2005 ; Moriondo et al., 2007;
Becker-Reshef et al., 2010).



5 Conclusion

Results of this preliminary study show that wheat yield could be estimated at NUTS3 level
from metrics derived from GAI temporal profiles.

Further research by applying the approach to other areas and years of GAI measurements is
expected to confirm these results.
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