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ABSTRACT 

In the context of the Dragon-3 Farmland Drought 
project, our research deals with the development of 
methods for the assimilation of biophysical variables, 
estimated from multi-source remote sensing, into the 
AquaCrop model, in order to estimate the yield losses 
due to drought both at the farm and at the regional scale.  
The first part of this project was employed to refine a 
methodology to obtain maps of leaf area index (LAI), 
canopy cover (CC), fraction of adsorbed 
photosynthetically active radiation (FAPAR) and 
chlorophyll (Cab) from satellite optical data, using 
algorithms based on the training of artificial neural 
networks (ANN) on PROSAIL model simulations.  
In the second part, retrieved values of CC were 
assimilated into the AquaCrop model using the 
assimilation method of the Ensemble Kalman Filter to 
estimate grain wheat yield at the field scale. 
 
1. INTRODUCTION 

Drought is one of the variables that most affect crop 
production of agro-ecosystems causing huge yield 
losses worldwide. It is estimated that in China drought-
affected crops area reach 20 million hectares, with a loss 
of 10-15 million tons grain due to drought every year. 
Therefore methods for quantifying these losses rapidly 
from remote sensing are extremely valuable. 
Assimilation of biophysical variables retrieved from 
remote sensing into dynamic process-based crop models 
is a promising methodology in this respect. 
AquaCrop is a water productivity model, which 
simulates canopy biomass production and yield in 
response to water transpired by the crop [1].  The model 
simulates canopy cover (CC) along the growing season 
as a function of three main sets of inputs and parameters 
concerning climate, crop and soil characteristics. The 
choice of this crop growth model for our aims was 
suggested by its relative simplicity as compared to more 
complex models, by its emphasis on water limitation 
and by the explicit use, as main canopy state variable, of 
CC. This variable is usually easier to estimate from 
remote sensing than LAI, not being subject to saturation 
at high values. 

Our efforts were focused on the retrieval of CC from 
optical remote sensing data, through a methodology 
involving the training of artificial neural networks 
(ANN) on the PROSAIL model [2]. Successively the 
assimilation of remotely sensed CC into the AquaCrop 
model was attempted, through the development of an 
algorithm based on the general principles of the 
Ensemble Kalman Filter (EnKF) [3]. This method is 
suitable for assimilation into complex non-linear models 
and it has been previously used for the same purpose, 
e.g. with the WOFOST model [4]. 
This paper presents a preliminary test of the assimilation 
of CC retrieved from SPOT satellite data, through the 
use of EnKF into the AquaCrop model, for the 
estimation of grain yield at the farm scale.  
 
2. MATERIALS AND METHODS  

Wheat yield data are collected on a field within the 
Maccarese farm, about 30 km West of Rome (Fig. 1), 
coded as B030 (17.33 ha). Yield data were recorded 
using a combine harvester (New Holland CX860) 
equipped with a yield mapping system (Precision Land 
Management System, New Holland) consisting of 
global position system (GPS) sensor with differential 
correction (based on the EGNOS signal), grain flow 
sensor, a capacitance grain moisture sensor and software 
that allows to record data and display thematic maps. 
The raw data provided by the yield mapping system 
(about 1400 points ha-1) were corrected, deleting points 
that showed uncorrected and unrealistic values.  
SPOT 4 and SPOT 5 satellite images were acquired 
over the studied field during the growing season of 
wheat in 2012 on six dates: 16th February (SPOT 4), 2nd 
March (SPOT 4), 25th March (SPOT 5), 10th May 
(SPOT 4), 27th May (SPOT 5) and 16th June (SPOT 5). 
We used the four bands (B1: 0.50 – 0.59 µm; B2:  0.61 
– 0.68 µm; B3: 0.78 – 0.89 µm; B4: 1.58 – 1.75 µm) of 
the multispectral sensors (HRVIR for SPOT 4 and HRG 
for SPOT 5) of SPOT satellite [5]. SPOT images were 
processed carrying out radiometric correction obtaining 
the top of atmosphere (TOA) reflectance. TOA values 
were then atmospherically corrected into top of the 
canopy (TOC) reflectance using the SMAC model [6]. 
The geometric correction of SPOT images was 
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subsequently carried out using ground control points 
(GCPs) and nearest neighbour resampling by means of 
the ENVI software (Exelis VIS, Boulder, USA). 
  
 

Figure 1. Maccarese farm’s field (B030) used for the 
measure and estimation of wheat grain yield. The 

background is a SPOT 4 image acquired on 2nd March 
2012. 

 
2.1. ANN + PROSAIL algorithm 

Several studies conducted in the last decade have shown 
the possibility of use ANN to estimate products such as 
LAI, FAPAR, CC and Cab from multispectral or 
hyperspectral satellite data [7] [8].  In the present study, 
we have adopted an algorithm relying on simulations  
with the PROSPECT and SAIL models [9] to train 
ANN [10] [11]. This method has shown good results 
reported in literature [7] [2] [8] for application using 
middle resolution satellite sensors (e.g. MERIS, SPOT 
Vegetation, Polder). The main steps of the ANN + 
PROSAIL algorithm are shown in Figure 2. 
The first step consists of the parameterization of 
PROSAIL model in order to generate a high number of 
simulations of vegetation reflectance (at around 50-
90000). This parameter identifies 14 variables that 
describe the biophysical state of vegetation. For each 
variable it is necessary to define a statistical distribution 
(Gaussian or uniform), specifying minimum and 
maximum values, average, standard deviation and e 
number of classes in which the range is expected to be 
divided. The input set is generated by combining these 
parameters. Then this input set (at around 50-90000 
combination of parameters) is used to generate 
PROSAIL simulation of reflectance spectra.  
At a later stage, the set of simulated reflectance is 
resampled according to the characteristics of the used 
sensor, and then it is divided in two parts, one of them 
with the purpose of training ANN and the other one to 
evaluate the estimate theoretical performance. 
 
 
 

 
 

 Figure 1. Steps employed in the tests of the ANN 
algorithm of Baret et al. 2007 for the estimation of 

biophysical vegetation variables  

 
To make the simulations more realistic and reduce the 
training hyper-specialization, a Gaussian noise 
reflectance is added, and calculated on the basis of an 
additive and multiplicative model error. This one can be 
considered the same for all bands and can vary for each 
band of the sensor.  
Once the training of the neural networks (which 
architecture needs to be specified: number of neurons 
and layers), the coefficients and bias are stored to be 
used later in the estimation of variables LAI, FAPAR 
and CC from reflectance observed values (Fig. 3). 
 

 
 

Figure 3. Maccarese area, maps of LAI (on the left) and 
CC (on the right) obtained from SPOT4 image acquired 
on 25 March 2012 using the ANN-PROSAIL algorithm. 
 
 

2.2. AquaCrop model and Ensamble Kalman 
Filter assimilation data method 

Aquacrop is a water productivity model which simulates 
aboveground biomass production in exchange for water 
transpired by the crop [1]. The conceptual equation at 
the core of the AquaCrop growth engine is: 
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                                      (1) 
  
where Bn is the cumulative aboveground biomass 
production after n days; Tri is the daily crop 
transpiration (mm day-1), EToi is the daily reference 
evapotranspiration, and i represent the sequential days 
of the period in which Bn is produced;  WP* is the 
normalized  crop water productivity (g m-2).  
Transpiration (Tr) is calculated as a function of the 
Canopy Cover (CCi), for this reason CC is a key 
variable for the yield estimation. Aquacrop model 
calculates CC as a function of four sets of main 
parameters and driving variables depending on: weather 
data, crop type, soil and initial conditions of soil water 
content.  
We tested the possibility of implementing an 
assimilation scheme in which CC data estimated from 
remote sensing are used for re-calibrating Acquacrop at 
each observation date. We tested the Ensemble Kalman 
Filter (EnKF) method to assimilate CC data into 
AquaCrop. The EnKF is a recursive Bayesian 
estimation method, which takes into account the true 
probability density function of the model states 
conditioned on observations. The dynamic model is 
defined by: 
 

                  (2)   
                                                    

where φt is the vector including the state variable (in 
our case CC) and a set of parameters that most affect the 
model and εt-1 is the vector of errors.  
AquaCrop model has a substantial number of 
parameters, for this reason it was necessary to select 
those which most influence the CC. In this regard we 
selected a set of 13 parameters (Tab.1) to be recalibrated 
during the assimilation, whereas all other parameters 
were kept fixed. The 13 parameters were selected 
according to previous AquaCrop sensitivity analysis 
studies [12] and the calibration of the model on data 
from the Maccarese area. 
The EnKF takes into account both observation and 
model errors, typically through the re-initialisation of an 
ensemble of non-linear model realisations at each 
observation date. The choice of the size of the ensemble 
has been shown to be very important. In our case, since 
we applied the algorithm on a pixel-by-pixel basis, 
computation cost forced us to limit the size of the 
ensemble to 10. Additionally, the model executable 
code did not allow us to re-initialise it at the observation 
dates, so we instead recalibrated it, by using 
sequentially the CC estimates from the EnKF. This 
considerably increased the computation time. The 
observation error on CC influences the EnKF 
correction. As a proxy of this error we used the variance 

of ground measurements of CC within ESUs 
(Elementary Sampling Units) of squares with sides of 
20 m. This variance was sometimes rather high and this, 
combined with the model variance of the ensemble, 
determined the fact that the CC values obtained at each 
date from the EnKF could be sometimes rather different 
from those measured (Fig. 4).    
 
 

Parameter Min. Max Mean St. Dev. 

 CGC 
(%/GDD) 

0.03 0.07 0.035 0.0036 

CCX (%) 0.65 0.99 0.7 0.07 

CDC 
(%/GDD) 

0.04 0.1 0.10 0.018 

GDD_eme 
(GDD) 

40 150 132 15 

N° of plants/ha 2x106 5.5x106 4.1x106 0.8x106 

 p - sen  0.55 0.75 0.65 0.13 

Sh_stom 1.5 3.5 3 0.3 

GDD_root 
(GDD) 

323 1500 1067 104.6 

PWP (%) 14 39 21.28 8.66 

CN 65 85 75 7.07 

FC (%) 22 54 33.9 8.62 

WC_ic (%) 14 54 26 11.17 

WPo (g/m2) 15 19 17 1.79 

Table 1. Crop and soil parameters of AquaCrop model 
used for the Ensemble Kalman Filter assimilation 

method. GDD: growing degree days; CGC: canopy 
growth coefficient; CCX: maximum canopy cover; 

CDC: canopy decline coefficient; GDD from sowing to 
emergence; p-sen: soil water depletion factor for 

canopy senescence (upper threshold); Sh_stom: shape 
factor for water stress coefficient for stomatal control; 

GDD_root: GDD from sowing to maximum rooting 
depth;  PWP: permanent wilting point; CN: curve 

number; FC: field capacity; WC_ic: initial soil water 
content; WPo: water productivity. 

 
Data assimilation was carried out using an algorithm 
designed according to the general principles of the 
EnKF approach, through the following steps:  
 

i. Generate an ensemble of N (in this study 
N=10) values of parameters P1 …P13 from a 
normal distribution using the data of Tab.1.  

ii.  Run AquaCrop in order to obtain an ensemble 
of N CC values for the first observation date.  

iii.  Compute the variance-covariance matrix of 
model error from the ensemble.  

iv. Calculate the Kalman gain from the variance-
covariance matrix and an ensemble of N 
observations of CC (from SPOT data), 
computed from the sum of measured value and 

11)( −− += ttt F εϕϕ
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an error drawn from a normal distribution with 
0 mean and the measurement variance.  

v. Application of the Kalman filter to obtain a 
corrected CC and parameters values estimated 
taking into account measured and modelled 
values and their respective errors. 

vi. Run AquaCrop and find the best ensemble 
fitting the CC of the previous step by 
recalibration of the parameters of Table 1, by 
using the simplex method of optimization [13]. 

vii.  At each observation date repeat the steps from 
iii 

viii.  Finally run the model until the end of the 
growth season and obtain a grain yield 
estimate. 
 

This procedure was applied for each pixel (~450) of the 
SPOT images acquired on B030 field and the grain 
yield values were compared with measured values 
retrieved by the combine harvester data. The estimation 
error was evaluated by root means square error 
(RMSE): 
 
  

                        (3) 
 
 
 
where y and ŷ are respectively the measured and 
estimated values and N the number of data point. 
 

 
Figure 4. Time trend of canopy cover (CC) simulated by 

the ensemble of 10 Aquacrop model runs and the 
observed CC from SPOT4 data (red triangles) and the 
mean (black dot) and range of variation (black bar) of 

CC values estimated from the EnKF. 
 
3. RESULTS  

The algorithm based on the training of ANN on 
PROSAIL model simulations proved to be very 
effective to obtain maps of LAI, CC, FAPAR and Cab 
(Fig. 5).  However, for a more complete assessment of 
the error and uncertainties in the estimates of the 
biophysical variables, a more thorough validation would 
be required. The grain yield map obtained by the 

assimilation of CC in AquaCrop model by the EnKF 
algorithm showed a good correspondence with the map 
of measured values (Fig. 6). The comparison between 
estimated and measured grain yield values on all pixel 
of B030 provided a RMSE of 1.55 t ha-1.  

 
Figure 5.  Maccarese area, field B030, maps of green 
canopy cover (CC) time trend obtained from SPOT4 
images during crop cycle. These are the observed 

(measured) values of CC assimilated into the AquaCrop 
model. 

 

 
Figure 62. Wheat grain yield on B030 field (a) 

measured by combine harvester and (b) estimated by 
from assimilation of canopy cover into AquaCrop 

model. 
 
 
4. DISCUSSION AND CONCLUSIONS 

The preliminary test of the application of the Ensemble 
Kalman Filter method to AquaCrop, has shown its 
adequacy to provide yield estimation as affected by 
water availability. It has highlighted, however, aspects 
that need further work and improvements, and in 
particular: 

i. The choice of parameters to recalibrate. In 
AquaCrop there are about 100 parameters 
related to the characteristics of the crop and 

∑
=

−=
N

i

ii

N

yy
RMSE
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the soil. With the aid of a preliminary 
calibration and sensitivity studies taken from 
the literature [12], we chose 13 parameters 
subject to recalibration during the EnKF 
algorithm application. The choice was rather 
arbitrary, based on our assessment of which 
parameters we considered to be the most 
influential (Tab.1). For a more objective 
choice, a specific sensitivity analysis is 
required.  

ii.   Fixed parameters values. The choice of values 
to assign to the other parameters which 
remained fixed was based on the literature 
and on a preliminary calibration. For 
applications outside our test site a proper 
calibration of the fixed parameters is needed. 

iii.   Variable parameters values. The values of 
variable parameters are chosen from a normal 
distribution with an assigned mean and 
standard deviation. The choice of these mean 
and standard deviation are based on literature 
and a priori hypothesis. They have a large 
influence on the spread of the values 
simulated in the ensemble (Fig. 4) 

iv.   Method of optimization. The impossibility in 
the executable of the AquaCrop model to 
implement a re-initialisation at the 
observation dates, lead us to recalibrate it at 
each date by using sequentially the CC 
estimates from the Kalman filter in an 
optimization method. The high computation 
time required by the optimization, imposed a 
small ensemble size (N = 10).  

v.   Measurement and model Error estimates. This 
preliminary test showed that the error of the 
model (which was assumed only dependent 
on the variance of the parameters) was 
smaller than the error of the observations. 
Therefore, it is necessary to introduce in an 
appropriate manner a total error on the model 
and to have more realistic estimates of CC 
observation error. 

 
Further developments foreseen in the Dragon-3 
Farmland Drought project are the use of a similar 
approach for the assimilation of multi-sensor data (i.e. 
optical and radar) into Aquacrop for both field-scale and 
regional applications in China. 
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