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Abstract:  

Accurate yield estimation at the field scale is essential for the development of precision 
agriculture management, whereas at the district level it can provide valuable information for 
supply chain management. In this paper, HJ1A/B and Landsat 8 OLI images were employed to 
retrieve leaf area index (LAI) and canopy cover (CC) in the Yangling area (Central China). These 
variables were then assimilated into two crop models, Aquacrop and SAFY, in order to compare 
their performances and practicalities. Due to the models specificities and computational 
constraints, different assimilation methods were used. For SAFY, the Ensemble Kalman Filter 
(EnKF) was applied using LAI as the observed variable, while for Aquacrop the Particle Swarm 
Optimization (PSO) was used, using CC. These techniques were applied and validated both at 
the field and at the district scale. In the field application, the lowest relative mean squared error 
(RRMSE) value of 18% was obtained using EnKF with SAFY. On a district scale both methods 
were able to provide production estimates in agreement with data provided by the official 
statistical offices. From an operational point of view, SAFY with the EnKF method was more 
suitable than Aquacrop with PSO, in a data assimilation context. 

Keywords: leaf area index (LAI); canopy cover (CC); Landsat 8; HJ1A/B; artificial neural 
networks (ANN); Ensemble Kalman Filter (EnKF); Particle Swarm Optimisation (PSO);. 

PACS: J0101 
 

1. Introduction 

 Precision agriculture is being increasingly considered as an optimal technological 
approach to improve the efficiency and the productivity of farming and cropping systems [1]. 
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Monitoring crop growth using remotely sensed biophysical variables such as leaf area index 
(LAI) or canopy cover (CC) has proven to be very effective for inferring information on crop 
biomass and yield, useful for field management [2 4]. Yield estimation and forecasting at the 
field scale would allow farm managers to plan their agronomic operations, e.g. sowing, tillage or 
fertilization, on the basis of expected yield potential. At the district level scale, yield estimation 
and forecasting is useful to public and private organization, for commercial or planning 
purposes.  

The use of remote sensing (RS) in order to monitor crop growth has considerably increased 
recently, with the development of new technologies such as hyperspectral sensors [5] and easier 
availability of imagery, allowing to exploit these data in a progressively more effective way [6]. 
Particularly, satellite RS is increasingly used in monitoring crops and variables that describe 
their growth, as it allows the monitoring both of large zones on a regional or district scale [7], 
and of smaller areas on a field scale [6]. The use of these data has proven to be effective in the 
estimation of crop yield [2; 8 10], by combining the monitoring from remote sensing of crop 
biophysical variables with crop growth models. Leaf Area Index (LAI), fractional Canopy Cover 
(CC), the fraction of photosynthetically active radiation absorbed by the canopy (fAPAR) and 
plant chlorophyll concentration are the most important canopy variables used in this context, 
being the main state variables used in crop growth modelling [11]. A detailed review of the 
methods for retrieving canopy variables from remote sensing [11] divided these methods into: 1) 
statistical approaches, e.g. using vegetation indices and regression methods linking spectral 
information and biochemical variables [12] and 2) approaches exploiting physically based 
models [13 15]. The latter are particularly interesting, because they are expected to be of more 
general validity, without the need of data-specific calibrations as the former methods. 
Additionally, they often allow to estimate simultaneously several variables such as LAI and CC 
[14]. A widely used strategy is to train Artificial Neural Networks (ANNs) using the simulations 
from a canopy radiative transfer model such as PROSAIL [16], which couples the leaf model 
PROSPECT [17] and the canopy model SAIL [18]. Many studies have shown the effectiveness of 
this methodology, using both multispectral [14; 19] and hyperspectral [20] sensors.  

In order to estimate crop yield, the biophysical variables can be assimilated into crop 
growth models using different approaches. Following [21], it is possible to distinguish two 
strategies: calibration and updating. The calibration approach consists of re-calibrating the 
model parameters in order to minimize the differences between simulated and observed 
variables. In the updating approach, it is the value of the biophysical variables simulated by the 
model that is updated, on the basis of the value of the biophysical variables observed e.g. from 
remote sensing.  

Some authors have converted the state variables simulated by the models into vegetation 
indices (VIs) by means of canopy reflectance models and used VIs, derived from RS data, in the 
assimilation. For example, [22] developed a methodology in which the LAI simulated by the 
EPIC crop model was converted into reflectance in the RED and NIR spectral range of Landsat 
TM or AVHRR data using the SAIL model. NDVI values from these reflectances were then 
compared with NDVI derived from satellite imagery. The EPIC crop model parameters were 
re-calibrated for NDVI to be within 20 percent of the observed satellite data [22]. Other authors 
have estimated biophysical variables from RS and used them directly in the assimilation. For 
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example, [23] recalibrated the parameters of the SUCROS model by minimizing the difference 
between LAI estimated from SPOT satellite data and LAI simulated by the model. The updating 
approach has also been applied in many studies [24 28], in which the effectiveness of this 
method to improve the accuracy of the crop growth model predictions has always been proven. 
[24] tested the Ensemble Kalman Filter (EnKF), an updating assimilation method, to assimilate 
the LAI derived from MODIS into the WOFOST crop model [29], in order to determine the 
production of wheat at a regional scale. [25] explored the potential of EnKF for simultaneously 
assimilating two remotely sensed variables, i.e. soil moisture and LAI, demonstrating the 
possibility to prevent yield losses by monitoring the effects of water stress on crops. The 
potential of EnKF method assimilation was also compared with the POD4DVAR, a 4 
dimensional variational algorithm [27], assimilating LAI estimated by the CCD sensors on board 
of the Chinese satellite HJ1A/B into the CERES crop model, both at a regional and field scale. The 
POD4DVAR showed a higher computational efficiency, but was more influenced by 
measurements uncertainties than EnKF.  

Regardless of the approach, in all the studies in which remote sensing data are assimilated 
into crop models, not all the parameters are recalibrated, because of their large number and the 
limited information about them available in situ. This implies that the choices on which 
parameters to recalibrate at run-time and of the values to assign to fixed parameters are crucial 
[23]. A study conducted by [28] highlighted these problems. The Green Area Index (GAI) 
estimated from MODIS was assimilated in the WOFOST [29] model using a calibration 
approach, minimizing the error between modelled GAI and MODIS-observed GAI. Only the 
parameters that most affect GAI were optimized, highlighting the need to calculate the 
parameters sensitivity for each scenario [28].  

The efficiency of the assimilation methods is also strongly dependent on the number of 
observations ingested into the process [11]. Many studies in the literature (e.g. [24-26]) showed 
that using a higher number of observations corresponds an improved accuracy of estimation [2]. 
Generally, the number of observations assimilated into the models is higher than 6. In a context 
of regional scale, there are many satellites which can provide data frequently, albeit at a low 
resolution (e.g. MODIS). However, for precision agriculture applications, it is necessary to work 
at the field scale, with a spatial resolution of at least 30 m or higher. The opportunities to obtain a 
high number of data acquisitions with such resolution are currently rather limited, therefore, in 
order to apply these methods at the field scale, it is necessary to use efficient assimilation 
algorithms, performing well even with a limited number of images, or to extend the number of 
observations in other ways. For example, [4] tried to solve this problem by using a data fusion 
algorithm blending MODIS (250 m) and OLI data (30 m) to estimate LAI at the field scale and 
assimilated the data into the Simple Algorithm For Yield (SAFY) model. The fused data set had 
the temporal resolution of MODIS data (8 days) and the spatial resolution of OLI (30 m). 

In addition to the number of observations, also the choice of the crop model to use is an 
important factor conditioning the assimilation results. Generally, models that accurately 
describe the crop growth process have a higher accuracy, but they are more complex, more 
difficult to integrate with other processes (such as the assimilation methods) and have higher 
computational costs. Especially the large number of parameters makes the calibration of the 
model rather laborious,  and this is one of the main problems of the application of assimilation 
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methods. The choice of the model to use, in agreement with the purpose to be achieved, should 
consider other attributes in addition to model accuracy, such as complexity and plasticity 
[30-31].  

Among all the crop models that have been used in assimilation studies, Aquacrop [32], 
seems particularly interesting for 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 [31]. The first applications of Aquacrop within data assimilation 
schemes have provided encouraging results [31, 33-35]. However, in Aquacrop there are about 
100 parameters related to the characteristics of the crop and the soil, as well as other 
management and input factors. During the assimilation, [33] recalibrated 3 parameters, [34] and 
[35] 8 parameters and [31] 13 parameters, leaving all the others fixed. Additionally, in the version 
currently made available by the developers, it is impossible to implement a re-initialization at 
the RS observation dates, preventing the application of updating approaches of data 
assimilation, so that only recalibration approaches have been employed so far.  

SAFY [36], a much simpler model than Aquacrop, with less parameters, i.e. 13 in the 
original version, has been also successfully employed for the estimation of wheat yield, using 
only recalibration assimilation approaches so far [4, 36]. This model is potentially suitable also 
for the application of updating assimilation algorithms, given the accessibility of the source 
code, and it's particularly appealing, in this context, also for its high computational speed [31].  
The aim of this work was to develop and compare two methods for the estimation of winter 
wheat yield, suitable both at field and district level, based on data assimilation algorithms 
combining remotely sensing crop biophysical variables with the Aquacrop and SAFY crop 
growth models.  

Because of the above mentioned coding constraints, it was necessary to use different 
assimilation techniques for the two models, i.e. the EnKF was employed for SAFY, while for 
Aquacrop the Particle Swarm Optimization (PSO) [37] was used. A dataset, composed by a 
series of images acquired with multispectral satellite sensors, was used to estimate the LAI and 
the CC using a model-based method employing Artificial Neural Network [14]. Additionally, 
the purpose of this study was to test the performance of assimilation methods with a reduced 
number of observations, in order to verify their potential for precision agriculture applications, 
in case of constraints e.g. due to a limited number of satellite acquisitions available within the 
crop growth season, a situation often occurring in areas affected by frequent cloud cover. 

2. Materials and Methods  

2.1.Study area and datasets employed 

The study area (34.27°N, 108.09°E, altitude around 460 m) is located in the rural region of 
Yangling, in the centre of China, Province of Shaanxi (Figure 1). A dataset composed by 
weather data, field data and remote sensing data, was collected during three different winter 
wheat growth seasons, between September and June, from 2012 to 2015.   
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Figure 1. Map of China showing the location of the test area of Yangling (Shaanxi Province) 

The weather data were collected at the weather station ID 57034 (34.25°N 108.22°E), by the 
China Meteorological Administration and made available on the China Meteorological Data 
Sharing Service System (CMDSSS, http://cdc.cma.gov.cn). They included: temperature, rainfall, 
relative humidity and wind speed. Other climatic data needed to drive the crop models, such as 
evapotranspiration and solar radiation were derived from these variables. Reference 
evapotranspiration was calculated using the ET0 calculator [38], whereas solar radiation was 
estimated from the relationship proposed by [39]. Temperatures and rainfall for winter wheat 
growth seasons of 2012-2013, 2013-2014 and 2014-2015 in Yangling are shown in Figure 2. 
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Figure 2. Ten days mean temperatures (a) and rainfall (b) for the Yangling study site, for the 
wheat crop cycles (1 September to 30 June) of 2012-2013 (blue), 2013-2014 (green), 2014-2015 
(red). 

The climate of the Yangling area is defined as semi-arid, with precipitations of around 500 mm 
per year, usually concentrated in the summer, between June and October, while the winter 
season is almost devoid of precipitation. Because of this rainfall distribution, winter wheat is 
mandatorily irrigated. Temperatures vary from a minimum of -4°C in winter to a maximum of 
30 °C in summer, even if temperatures below 0°C are not common, and were limited to a few 
days in winter for our study period, except for 2012-2013, when the temperatures remained 
under 0°C for several weeks between December and January. This means that the period of cold 
stress is limited to few days. The rainfall for the three crop growth seasons considered was 
almost completely absent between December and January, increasing in spring, concentrating 
large amounts of rain in a few days, reaching a peak in summer, and the decreasing until early 
autumn, when the dry season begins. 

Field measurements of wheat LAI, biomass and yield, were carried out each year from 
March to June by staff from the National Engineering Research Centre for Information 
Technology in Agriculture (NERCITA). Table 1 shows the list of the field measurements dataset.  

 

Table 1. Field measurements of LAI (L), biomass (b) and yield (y) 

conducted in Yangling from 2013 to 2015. n. pts are the number of 

sampling points where ground data were collected. 

Year n. pts March April May June  

2013 49 
30 Mar 27 Apr  1 Jun     

L, b L, b b,y 

2014 35 
5 Mar, 28 Mar  22 Apr, 27Apr   16 May           9 Jun     

L, b L, b L, b b,y 

2015 28 
27 Mar 25 Apr 5 Jun    

L, b L,b  b,y 

 
The ground measurement points, georeferenced using a GPS, were distributed in different 

winter wheat fields throughout an area of about 1200 km2 surrounding Yangling. In addition to 
the sampling points reported in Table 1, there were additional points, 10 in 2013 and 26 in 2014, 
for which data were incomplete (i.e. not all sampling dates were present). These points were 
excluded from the yield and biophysical variables validation, but were used for the validation 
of the classification of wheat fields (see section 2.2.5). Three local wheat cultivars (Xiaoyan 22, 
Xinong9871, and Shanbei139) were planted in the first half of October and harvested at the 
beginning of June. Field management (weed control, pest management, and fertilizer 
application) followed local standard practices for wheat production. A different number of 
ground points was sampled in different years (Table 1). For each ground point, LAI was 
estimated using the LAI-2000 Plant Canopy Analyzer (LI-COR Inc., Lincoln, NE, USA) 
collecting data from 5 points within a 30x30 m square. LAI was converted into fractional 



Remote Sens. 2016, 8, x FOR PEER REVIEW 7 of 24 

 

ground canopy cover (CC) using the equation proposed by [40] from field data collected in the 
USA, who reported a r2 of 0.96:  

 

 (1) 

 Biomass and yield were determined by cutting plants from a 0.25 m2 area positioned near 
the point of LAI measurements. All plant samples were oven dried at 70°C to a constant weight, 
and final dry weight recorded. Further details on the methodologies of data collection can be 
found in [33].  

The remote sensing dataset was composed by several images acquired by Landsat 8, HJ1A 
and HJ1B satellites, between February and June of each year (Table 2). All the images were 
acquired using multispectral sensors, respectively the OLI on board the Landsat 8, and the 
CCD1 and CCD2 on board the HJ1A and HJ1B.     

 
Table 2. Remote Sensing data set for Yangling, 2013-2015 

crop cycles 

Year Month Day Satellite 

2013 March 5 HJ1B 
2013 March 28 HJ1B 
2013 April 26 HJ1A 
2013 May 11 HJ1A 
2014 March 15 Landsat8 
2014 April 7 HJ1A 
2014 April 29 HJ1A 
2014 May 20 Landsa8 
2015 Febrary 23 Landsat8 
2015 March 29 HJ1A 
2015 April 28 HJ1B 

 
The OLI sensor has 7 bands with a spatial resolution of 30 m, with wavelengths ranging 

between 0.45 µm and 2.29 µm. Only the 4 bands in the visible and NIR regions were employed 
as inputs of the Artificial Neural Network algorithm used to calculate the crop biophysical 
variables (see section 2.2.2). This was done also because the CCD sensors (on board of HJ 
satellites) have similar 4 bands, in the region of visible and NIR, also with a spatial resolution of 
30 m. Details on the spectral characteristics of the OLI and CCD sensors can be found in [41 42]. 

Surface reflectance Landsat 8 images were provided, geographically and atmospherically 
corrected, by the United States Geological Survey (USGS). The HJ images needed 
georectification, radiometric calibration and atmospheric correction. The georectification was 
done by identifying ground control points in GoogleEarth and warping the images using the 
Image-to-Map registration tool in ENVI [43]. The radiometric calibration was performed using 
gain and offset values provided for each band by the metadata of the respective HJ images. The 
atmospheric correction was performed using the Fast Line-of-sight Atmospheric Analysis of 
Spectral Hypercubes (FLAASH) module included in the ENVI software. The altitude of the 
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sensor was set at 650 km and the ground elevation at 500 m (Yangling mean elevation). The 
mid-latitude winter atmospheric model and the rural aerosol model were used, with an initial 
visibility between 20 and 30 km, depending on the image.    

2.2 Data assimilation methods 

It is possible to divide the methodology adopted (Figure 3) into four steps: in the first step the 
biophysical variables LAI and CC were estimated; in the second step the assimilation was 
carried out: LAI values were assimilated into the SAFY model through an updating method 
based on the EnKF, whereas CC values were assimilated into Aquacrop using the PSO method; 
in the third step the two methodologies were applied and validated at the field scale using 
ground measurements; in the fourth step the method was extended to the district scale and 
validated using official statistical data. Details on each of these steps is provided in the following 
paragraphs. 

 

 

Figure 3: Flowchart of the methodology applied, from RS data to yield estimation. 

2.2.1. LAI and Canopy Cover estimation 

LAI and CC were retrieved using the algorithm developed by [15]. This algorithm converts 
measured spectral reflectances into biophysical variables, by means of Artificial Neural 
Networks (ANNs) trained over a database of canopy reflectances simulated using the radiative 
transfer model PROSAIL [16]. The PROSAIL input dataset was composed by different kinds of 
parameters characterizing the crop canopy, sensor characteristics and satellite configuration 
(Table 3).   

In the present study, canopy, leaf and soil parameters were set following the experimental 
results obtained by [20] for winter wheat, except for the mode of the LAI. The latter was set using 
as reference the field measurements dataset, setting the LAI mode at 1.5 for the images acquired 
in February and in the first week of March, at 2.5 for the images acquired between March and the 
beginning of April and at 4 for the images acquired between April and May.  

 

Table 3. Input parameters of the PROSAIL radiative transfer model used to generate the training database. 

The distribution used for each parameters is the truncated Gaussian function defined by: lower (min) and 

upper bounds (max), mode and the standard deviation (Std). N_C is the number of classes in which the 

distribution is split. The LAI mode was varied according the period of satellite data acquisition.      

  Variable min max mode Std N_C 
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Canopy LAI 0.0 10.0 1.5 / 2.5 / 4 4.0 6 
  Average leaf angle (degrees) 30 80 60 20 4 

Leaf 

N 1.20 2.20 1.50 0.30 4 

Chlorophyll content (µg m-2) 20 90 45 30 4 
Dry matter content (g m-2) 0.0030 0.0110 0.0050 0.0050 4 

Relative water content 0.60 0.85 0.75 0.08 4 
Brown Pigment index 0.00 2.00 0.00 0.30 4 

Soil Brightness Parameter 0.50 3.50 1.20 2.00 4 
   
The sensor characteristics input included the relative spectral response of each single band 

and four error parameters, accounting for instrumental noise, radiometric calibration and 
atmospheric correction errors.  
The satellite configuration inputs include: geographical position of the target, time and day of 
year of acquisition, sun and view zenith and azimuth angles. This information is different for 
each image, so the ANN algorithm was run specifically for each acquired image. For each image 
a total of 98,304 PROSAIL model simulations were used to train the ANNs, in order to associate 
a given set of input variables and parameters (characterizing leaf, canopy and geometry of 
observation) to a reflectance spectrum. After the training, the ANNs were employed to "invert" 
the process and associate a given spectrum observed by the satellite (corresponding to a pixel 
and resampled according to the bands of the sensor) to a set of biophysical variables. Five ANNs 
were employed in this study and the median was used as the biophysical variable estimate. To 
apply the ANN algorithm, the Matlab (MathWorks, MA, USA) tool developed by [19] was used.  

2.2.2. Crop growth simulation models 

As mentioned, two different crop growth models were used in this study: Aquacrop [32] 
and SAFY [36]. 

Aquacrop was developed by the Food and Agriculture Organization of the United Nations 
(FAO) to describe crop response to water and simulates the aboveground biomass production 
mainly as a function of Water Productivity (WP):  

 (2) 

 
where Bn is the cumulative aboveground biomass production after n days (g·m-2), Tri is the 

daily crop transpiration (mm day-1); ET0i is the daily reference evapotranspiration (mm day-1); 
WP* is the normalized crop water productivity (g·m-2). The canopy cover (CC) is a crucial state 
variable of Aquacrop through its expansion, ageing, conductance and senescence, since it 
determines the amount of water transpired, which determines the amount of biomass produced 
[32]. The final yield is the product of the final biomass multiplied by the harvest index [44]. A 
detailed description of the Aquacrop crop model can be found in [32] and [44].  

The input information necessary to run Aquacrop model consists of: daily weather data 
(maximum and minimum temperature, rainfall and evapotranspiration), soil composition and 
agronomic management information. A set of more than 100 parameters is used, particularly 
linked to crop physiological and soil physical processes. The other model used in this work is the 
Simple Algorithm For Yield estimate (SAFY), developed specifically for remote sensing 
applications [36]. It is based on Monteith's concept [45], a simple theory linking the total dry 
phytomass production and the photosynthetically active solar radiation (APAR) absorbed by 
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plants. The purpose of the algorithm is to represent the time courses of aboveground biomass 
(DAM), Green Leaf Area Index (GLAI) and yield. The daily increase of DAM ( DAM) is 
represented by the following equation: 

 (3) 

where Rg is the incoming global radiation, C is the ratio of incoming PAR to global solar 
radiation, I is the light interception efficiency (fraction of APAR), ELUE (g·MJ-1) is the light use 
efficiency and FT is a temperature stress function. The  depends on the green leaf area index 
(GLAI) and a light interception coefficient k through Beer's law (4):  

 (4) 

 
GLAI development is divided in two phases, from emergence to the beginning of 

senescence, it increases proportionally with DAM, from senescence to the end of the growth 
cycle it decreases. In this way biomass (DAM) depends directly on GLAI, but at the same time 
the daily development of GLAI ( GLAI) depends on DAM (positive feedback). The grain yield is 
computed from DAM through a partitioning coefficient of the biomass to grain (Pgro_P2G). A 
detailed description of SAFY was presented by [36].  

In this work, a modified version of SAFY was used, in which a simple water balance was 
introduced, following the FAO guidelines for computing crop water requirements [46]. The 
same modification had been formerly proposed by [47] and [48], introducing a dependence of 
biomass yield on crop water stress. This modification was made since it allows an explicit 
assessment of the crop response to water availability and the characterization of water stress, 
which is lacking in the original model. In the present work, the DAM expressed in equation (3) 
is multiplied by a water stress factor Ks, a dimensionless transpiration reduction factor 
dependent on available soil water, ranging between 0 and 1 [49]. Ks is calculated from the total 
available soil water in the root zone (TAW) and readily available soil water in the root zone 
(RAW), resulting from a simplified water balance driven by crop evapotranspiration. The 
necessary input to run the modified version of SAFY are daily information about: incoming 
global radiation, average air temperature, rainfall and reference evapotranspiration. Further 
details on this modified version of SAFY are reported by [49]. 

Both models were subjected to a sensitivity analysis [49], in order to identify the parameters 
that most affected the yield estimated by the models. This procedure is essential for the choice of 
a reduced set of parameters to target during the assimilation algorithms, leaving all the others at 
fixed values. Especially for the latter, a preliminary calibration is an important step. The 
calibration of parameters for both models was done starting from reference values for winter 
wheat taken from the literature: [36] for SAFY and [50] for Aquacrop. The data on soil properties 
were obtained from samples gathered in the study site, at the same points where the crop data 
were collected, which were analyzed in the lab by NERCITA (Beijing) for soil texture and 
organic matter. Crop management input variables were set according to standard local practice. 
Subsequently, the value of parameters which resulted most influential from the sensitivity 
analysis were adjusted, by trial and error, so that the time series of simulated biophysical 
variables (LAI for SAFY and CC for Aqucrop) fitted the time series observed in two of the 
ground sampling points (Table 1). These two sampling points were randomly chosen from field 
measurements dataset and were subsequently excluded from the validation tests. In all the 
applications with the SAFY model, a unique calibration was carried out, using two points 
randomly selected from those collected in 2014, since that was the year with most observation 
dates. For Aquacrop a single calibration for all the applications of the model was not satisfactory, 
as described in the results. For this reason the model was alternatively calibrated also for each 
year, using a different set of points, chosen from the experimental set collected during the 
corresponding year. In this case three different calibrations were done for Aquacrop, one for 
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each year in which the field measurements were made. A unique set of parameters and input 
variables was used for the simulations carried throughout the whole study area. The spatial 
variability among parameters and inputs was subsequently introduced by means of the 
assimilation algorithms (described in the following sections), by adjusting some parameters. 

   

2.2.3. Ensemble Kalman Filter for SAFY model assimilation 

An updating assimilation algorithm based on the EnKF was developed, taking advantage of 
the accessibility and manageability of the SAFY code. Before applying this method, the model 
parameters that most influenced the yield were identified from the results of the sensitivity 
analysis study [50]. In Table 4, the list of the 9 most influential parameters and their relative 
range of variation are shown. The initial calibration values of the parameters were defined as 
described in section 2.2.2. The range of variation of the selected parameters was chosen by taking 
the calibrated values as a mean value. The minimum and maximum were then chosen arbitrarily 
in a surrounding of maximum ±13% of the mean value, according to a realistic range for each 
parameter based on expert judgement.    

 
Table 4. List of the most influential parameters of the SAFY model allowed to vary during the 

assimilation, identified from a previous global sensitivity analysis study [50], in order of decreasing 

importance. 

 Parameter Min Max Description 

Pgro_R2P 0.7 0.9 Climatic efficiency: ratio of incoming PAR to global radiation  

Pfen_SenA 1260 1540 
Temperature sum threshold to start senescence (Growing Degree 
Days, GDD)  

Ptfn_Topt 20 22 Optimum temperature for plant development (°C) 

Pfen_MrgD 288 300 Day of the year of emergence 

Pgro_Lue 1.75 1.95 
Effective light-use efficiency: ratio of energy produced as DAM from 
APAR (g.MJ-1) 

Pfen_PrtA 0.16 0.2 Partition to leaf function parameter 1 (PLa) 

Pgro_P2G 0.0098 0.012 Partition coefficient to grain 

SMT_sen 2070 2530 Temperature sum to complete senescence (GDD) 

 
       
The EnKF algorithm developed for SAFY in this work is based on the theory of [51], which 

considers the observations as random variables, therefore adding random perturbations to the 
observed values. It follows the application to crop models described by [52]. It is possible to 
divide the assimilation algorithm into the following steps: 

1) Generation of an ensemble of n=100 vectors, each one containing the values of the i 
parameters Pi,  (Table 4) . To each element, corresponding to a 
nominal parameter value (fixed as the mean of the range shown in Table 4) an error 
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value was added, randomly drawn from a truncated normal distribution N(0, 1), with 
lower and upper limits as shown in Table 4.  

2) Simulations with the SAFY model in order to obtain a value of LAI for each element of 
the ensemble at the date when the first satellite image was acquired. An error  is added 
to the simulated LAI values. This error  was randomly generated from a normal 
distribution N(0,Q), in which the standard deviation Q was arbitrarly chosen as 20% of 
the LAI value, to take into account the uncertainity of the model. In this way a matrix 

t1 was defined: 
 

 (5) 

 
where each column is an element of the ensemble and represents a random 
configuration of the model using parameters Pi and the corrisponding LAI value 
obtained Ln at the time t1 of the first satellite acquisition.  

3) Generation of the vector , where each element is composed by the LAI observed at 

time t1, i.e. retrieved from remote sensing data, plus an error drawn from 

, where is a variance expressing the measurement error, which 

in our case was inferred from the comparison of the LAI values estimated from remote 
sensing, with the ground measurements. In this study the measurement error variance 
was chosen as , taking into account the RRMSE found for LAI 

estimation from our measurements (see section 3.1). 
4) Computation of the variance-covariance matrix of for the 100 ensemble elements. 

5) Calculation of the Kalman gain using the variance-covariance matrix : 

 (6) 

 
 

the number of ensemble 
elements. 

6) Update of as follows: 

  

where j is the j-th column of .  

7) Replacement of LAI and parameters values (the elements of ) with those calculated 

at step 6 (the elements of 
Kt ,1

). 
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8) Repetition from step 3 for each satellite observation date. When the last observation 
has been assimilated, SAFY runs to the end of the crop growth cycle and outputs the 
yield.  

 

2.2.4. PSO algorithm for Aquacrop model assimilation 

  The source code of the Aquacrop model was not available to the authors and this 
prevented the addition of changes in order to use an updating assimilation method, such as the 
EnKF used for SAFY. For this reason a method of assimilation by calibration [11], PSO, was 
employed. This method is based on a comparatively simple principle, needs few input 
parameters, can be easily applied to other models and was shown to have good computation 
efficiency [37]. The basic assumption of PSO is that a group of m particles (m=15 in this study) 
flies with certain speeds without quality and size in a d-dimensional search space. In this study 
m was chosen as equal to 15, which is lower than the number of particles suggested by [54], i.e.  
20-50, since these require considerable computing resources, which were not available for the 
present study. However, it has been reported that there are no drawbacks from using a lower 
number of particles provided that this is higher than the number of parameters [54-55], which 
was 9 in our case. Each particle can modify its position and velocity based on both the best 
point in current generation (pid) and the best point of all particles in the swarm (pgd). The PSO 
assimilation method is described by [54] and its application for Aquacrop, that can be found in 
[33-35], is summarized in the following steps: 

1) the initial position (value) and velocity of each particle was determined. The adjusted 
parameters were selected from the sensitivity analysis study previously carried out 
[49] and are listed in Table 5 . 

2) Aquacrop was run using the executable file (ACsaV40) released by FAO and controlled 
by a Matlab script. The simulated CC (CCs) was calculated from the Aquacrop input 
including weather data, soil data, crop genotype parameters and management data.  

3) A cost function (J) was constructed to assess the discrepancy between CCs and the 
remote sensing estimated CC (CCr) as shown in equation (9). The minimization of the 
cost function determined whether the optimization algorithm had reached the 
optimum input parameter values. 

 (9) 

where CCSi and CCri are respectively the simulated and remote sensing values of 
canopy cover at observation date i, N is the number of dates and J is expressed as % 
(i.e. the unit of CC). 

4) Seek the best point of the i-th particle (pid) and of all particles in swarm (pgd). The pid 
and pgd were searched at each iteration. 

5) Update the position and velocity of particles as shown in the equation [10]: 

 (10) 
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where id is the best velocity of the i-th particle; k is the index of the iteration; c1 and c2 
are constants which were assigned a value of 2;  and  are random values between 0 
and 1; xid is the best position of the i-th particle. 

6) If the iteration target was not reached, the updated positions were replaced and the next 
step was carried out. In this study the iteration target was fixed at 30 because it is the 
minimum iteration number indicated in literature [54]. Choosing a higher number does 
not allow to run the script within an acceptable time.  

7) If the iteration target was reached, the CC, biomass and yield were calculated. 
 

Table 5. List of the most influential parameters of the Aquacrop model allowed to vary during the 

assimilation, identified from a previous global sensitivity analysis study [49], in order of decreasing 

importance. 

. 

Parameter Min Max Mean Description 

dos 274 284 279 Day of sowing (Day of year)  

mat 2200 2600 2400 Length of the crop cycle (GDD) 

flo 1500 1700 1600 Growing Degree Days (GDD) from sowing to flowering 

rtx 1 1.4 1.2 Maximum effective rooting depth (m) 

wp 16 20 18 Water productivity normalized for ETo and CO2 (g m-2) 

hi  35 45 40 Reference Harvest Index (HI0) (%) 

polmn 6 10 8 
Minimum air temperature below which pollination starts to fail 
(°C) 

kc 0.08 1.3 1.1 
Crop coefficient when canopy is fully covering the ground but 
prior to senescence  

stbio 5 16 11 Minimum GDD required for full biomass production 

 

2.2.5 Spatialized Application 

  The application at the district level was done for the winter wheat growth seasons of 
2013 and 2014. These two years were chosen because official yield data, used for validation, 
were made available. Information was provided by two official statistical sources: the National 
Bureau of Satatistics of the People's Republic of China (which provided data for the year 2013) 
and the Shaanxi Provincial Bureau of Statistics (which provided those for 2014). 
For each year, the biophysical variables values retrieved from the images acquired between 
March and May were used in the assimilation, which was run on a pixel-by-pixel basis. For each 
image, only the pixels belonging to the wheat fields included in the rural area of Yangling were 
considered. To identify the pixels in which wheat was present, 5 Landsat 8 images acquired 
between February and June of each year were used. The images were converted into LAI maps 
through the PROSAIL-ANN algorithm (section 2.2.2). A mask was built using agricultural fields 
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boundaries obtained from a vector file provided by the National Engineering Centre for 
Information Technology in Agriculture. In this way all the pixels that fell out of the agricultural 
areas were excluded. 
The remaining pixels of each image were classified as wheat if the following conditions 
occurred, representing the typical LAI time trends of winter wheat: 

- LAI of the 1st date smaller than LAI of 2nd date and the latter smaller than LAI of 3rd 
date; 

- LAI of 3rd date higher than 3;  
- LAI of 4th date higher than 3.4 
- LAI of 5th date smaller than 0.5 (after harvest).  

 Not all the pixels included within the boundaries of some fields were classified as wheat, but 
when the majority, i.e. 80%, of pixels included within the boundaries of a field were classified as 
wheat, the whole field was considered as such. The classification results were checked against 
ground truth data. There were 59 points (i.e. ground verified wheat fields) available in 2013 and 
61 points in 2014, considering also incomplete data sampling points, in addition to those 
reported in Table 1. Of these, 57 fields were correctly identified as wheat in 2013 and 58 in 2014, 
with an overall accuracy of 96%.  
To reduce the computational cost of the spatialized assimilation algorithms, a data binning 
procedure based on LAI value was employed so that the model was run only once for similar 
pixels. The LAI values in the images, retrieved from remote sensing, were rounded to the first 
decimal place and, if the number in that place was odd, it was rounded to the nearest lower 
even number. In this way, the range between the minimum and maximum values of LAI was 
divided into intervals of 0.2. The total number of LAI classes is the product of the number of 
intervals between the minimum and the maximum feature value of LAI for each image. Each 
class is defined by the combination of 3 numbers, 0.2 multiples, belonging to the range min 
LAI-max LAI of each image, for the 3 dates. In this way, after running the algorithm for all the 
combination of LAI, it is possible to assign a value of yield to each class. Classifying the points 
of the map at each pixel, the corresponding yield value was assigned. In this way it was 
possible to obtain yield maps of the region, by running the algorithm only for the number of 
identified classes (around 1800) and not for the roughly two million pixels of the region of 
interest. A similar data binning procedure was employed for the images representing the CC, 
but in this case the range of variation between a class and the next was not constant, because of 
the non-linearity of the relationship between LAI and CC (eq. 1). Furthermore the ranges were 
enlarged, in order to reduce the number of classes, because the computational cost of 
PSO-Aquacrop imposed a limited number of iterations. The 1800 bin classes identified for LAI 
were thus reduced to 100 for the CC. A look-up-table procedure was finally employed to assign 
the results of the simulations to the respective pixels after the assimilation. 

3. Results 

3.1. LAI and CC estimation and validation 

LAI and CC were estimated using the ANN algorithm described in section 2.2.2 for all the 
images acquired by HJ-1A, HJ-1B and Landsat 8 (Table 2) in the 3 years (from 2013 to 2015). 
Some acquisition dates of the images were near, i.e.within 1 to 4 days, the dateswhen ground 
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measurements were performed. For these images, the ground sampling points were identified 
according to their GPS coordinates, and measured and estimated LAI and CC were compared.  

 
Figure 4. Validation results for the retrieval of LAI from HJ1A, HJ1B and Landsat 8 images, using field 

measurements of 3 years in Yangling rural area.  

 
Figure 4 shows the comparison between LAI estimated from the satellite images employing the 
ANN algorithm and LAI measured during the field campaigns. The overall Relative Root Mean 
Square Error (RRMSE) for LAI for the three years was 30%. RMSE and RRMSE for the three years 
examined, both for CC and LAI, are shown in detail in Table 6. The estimation error is larger for 
higher values of LAI, in fact for LAI between 0 and 2 the difference between estimates and 
measures is small (Figure 4), while particularly for LAI values between 3 and 4 the error tends to 
be higher. These results indicate that the algorithm tends to underestimate LAI, especially for 
2013, for which the results were worse that for others years (Table 6). 

  

Table 6. Statistics resulting from the estimation of LAI and canopy cover (CC) from Landsat and HJ1 

images assessed against ground measurements 

  Dataset 
RMSE  
(t ha-1)  

RRMSE 
(%) 

LAI 

2013 1.48 33 
2014 1.03 30 
2015 0.75 21 

All years 1.15 30 

CC 
2013 7.27 8 
2014 8.05 10 
2015 5.06 7 

  All years 7.17 9 
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Figure 5 shows the results obtained for CC estimation. In this case the overall RRMSE is 9%, i.e. 
lower than for LAI (Table 6). Saturation affects less the estimation of CC, even if the ANN 
algorithm tends also in this case to underestimate this biophysical variable. The results obtained 
for 2015 present the smallest RRMSE, while the results for 2013 and especially 2014 provide a 
much worse estimation.  

 

 
 

Figure 5. Validation results for the retrieval of canopy cover (CC) from HJ1A, HJ1B and Landsat 8 images, 

using field measurements of 3 years in the Yangling rural area. The field measured LAI was converted into 

CC using equation (1).  

 

3.2. Assimilation results: field scale application 

EnKF for SAFY and PSO for Aquacrop were tested at the field scale, validating the results 

with the ground yield measurements. Figure 6a shows the comparison between measured and 

simulated yield, resulting from the application of the EnKF method to the SAFY model, for 

which a unique preliminary calibration of model parameters had been done, as described in 

section 2.2.3. An overall RRMSE of 18% was obtained for SAFY, with values ranging from 15% to 

20% in the different years (Table 7). The RRMSE for EnKF with the SAFY model was 18%, while 

for PSO with the Aquacrop model it was 24%, for the data of all years pooled together. The 

performance of Aquacrop was particularly poor, as compared to SAFY, for 2013 data (Table 7). 

   

Table 7: Statistics resulting from the estimation of yield using 2 different assimilation strategies: the EnKF 

for SAFY and the PSO for Aquacrop (only the case of yearly calibration results are shown). 



Remote Sens. 2016, 8, x FOR PEER REVIEW 18 of 24 

 

  Dataset 

RMSE 

(t ha-1) 

RRMSE 

(%) 

 EnKF 
SAFY 

2013 1.23 20 
2014 1.19 17 
2015 0.78 15 

All years 1.09 18 

PSO 
Aquacrop 

2013 1.24 36 

2014 1.19 18 

2015 0.72 12 

All years 1.12 24 
 

Figure 6b and Figure 6c both show the comparison between measured and simulated yields 

resulting from the application of the PSO assimilation method to the Aquacrop model. In Figure 

6b the simulations were preceded by a single calibration of the model (using two data points 

from 2014), while in Figure 6c the model had been previously calibrated for each year 

considered.  

The application of PSO with the Aquacrop model with only one calibration, showed a 

rather limited range of simulated yield values. i.e. -1, with a RRMSE of 0.27, 

whereas when a calibration was carried out for each year, the range of simulated yield variation 

was wider, i.e. -1, with a small decrease of RRMSE. In the case of a single 

calibration no correlation was found (r=-1.04, n.s.) between simulated and measured values, 

whereas when yearly calibrations were performed a low, albeit statistically significant, 

correlation (r=0.34, P<0.01) was found between measurements and estimates. For SAFY the 

correlation (r=0.53, P<0.01) was higher. 

Overall, for the scenarios analyzed, the assimilation using the EnKF method with the SAFY 

model estimated the yield similarly or better than the PSO with Aquacrop. The computational 

time required by the two methods is very different, though. Using a PC with an Intel Core 

i7-4770 CPU at 3.4 GHz, the run time of PSO with Aquacrop was around 40 minutes for each 

simulated point, while for EnKF with SAFY it was 30 seconds for each point.  
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Figure 6. Comparison between measured and simulated wheat yield using a) the EnKF method with the 

SAFY model after a unique general calibration for all years; b) the PSO method with the Aquacrop model 

after a unique general calibration for all years; and c) the PSO method with the Aquacrop model after 

specific calibrations performed for each year.  

     

3.3. Assimilation results: spatialized application 

The district scale yield estimation was limited to part of the Yangling administive area for 

which it was possible to obtain official data about the production per hectare, the total 

production and the surface area sown with winter wheat. The district scale application was 

limited to fields classified as winter wheat in the different years as described in section 2.2.5. 

From Fig. 7 and 8, it is apparent that a large part of the area in which winter wheat was 

cultivated in 2013 was occupied by other crops in 2014, as a result of the crop rotation practices 

adopted in the area.  

Figure 7 shows the winter wheat yield maps estimated for 2013 and 2014 using the EnKF 

method with the SAFY model.  
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Figure 7 -1) for Yangling estimated using the EnKF assimilation method with the 

SAFY model for 2013 (a) and 2014 (b). 

The official statistical data (provided by Shaanxi Provincial Bureau of Statistics) for 2013 

reported an average y -1 for the area and a total production 104 t for the 

whole wheat surface area, estimated at 1980 ha. The method used for the classification (section 

2.2.5) of wheat cultivation area, exploiting also the knowledge of agricultural field boundaries, 

provided an estimate of wheat sowing area of 1983 ha, i.e. very accurate. The average yield per 

unit surface estimated using the EnKF method with the SAFY model, -1, 

and the total production for the Yangling administrative area was 104 t, i.e. about a 9.4% 

less than the official statistics yield. For 2014, the official statistical data provided by the National 

Bureau of Statistics of the People's Republic of China reported a mean -1, for a 

total production of 4 t in the whole wheat cultivation area, estimated at 1470 ha. For the 

2014 the wheat area classification results were less accurate as for the 2013: the wheat sowing 

area estimated was of 1564 ha, overestimated by about 7% compared to official statistical data. 

The estimated mean yield was of 5.67 -1, and the total production 4 t, so 

for 2014 there was an underestimation relative to the official statistics of about 12.2%. For the 
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same reference wheat sowing area, the yield was also estimated using the PSO assimilation 

method with the Aquacrop model (Figure 8). 

 
Figure 8. -1) for Yangling, estimated using the PSO assimilation method with the 

Aquacrop model for 2013 (a) and 2014 (b). 

   All the estimates obtained with Aquacrop shown in Figure 8 were obtained with the 

model calibrated for each year before the application of the assimilation algorithm. Using the 

PSO with Aquacrop, the average yield per unit on the studied area was of -1, very close 

to the official statistics value, whereas the total production estimated was of 1.10 4 t, with an 

estimation error of about 118 t. For 2014 the same procedure was applied, and the yield per unit 

area estimated with PSO and 4 t, while the total production 

estimated for this year was 4 t. Figure 9 summarizes the comparison between 

assimilation results and official statistics for the Yiangling administrative area. 
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Figure 9. Comparison of wheat production estimated by official statistical surveys (black), and from 

assimilation using EnKF with SAFY (white) and PSO with Aquacrop (grey). 

 
 

4. Discussion 

The first step of this work was the retrieval, from remote sensing data, of the biophysical 
variables, to be used in the assimilation procedures. The biophysical variables considered were 
LAI and CC, both estimated using the ANN algorithm as described in section 2.2.2. The results 
shown in Figure 4 indicate that overall, the algorithm tended to underestimate the value of LAI. 
The comparison between estimated values and ground measurements highlighted that, with 
the exception of small values (between 0 and 2), the points underestimated were more than 
those overestimated, particularly for values of LAI between 2 and 4, range in which the error 
was higher than the average RRMSE. This error distribution was partly due to the 
characteristics of ANN algorithm, which tended to worsen the estimation of winter wheat LAI 
with increasing values, because of the well known issue of saturation of the canopy reflectance 
[19]. Using HJ-1 data, [56] obtained better results than ours, for a larger ground dataset collected 
in the same area of Yangling in 2014 (n=80), with RRMSE values as low as 21% for optical 
vegetation indices. However, it should be noted that the methods used by these authors are 
based on empirical calibrations, with a prevailing local validity, whereas, in our case, the ANN 
method is of general application not requiring preliminary calibrations [19-20]. [57] assessed the 
performance of the same ANN-based algorithm used in the present study, with SPOT4 HRVIR 
and Landsat 8 data, obtaining a RMSE of 0.74 for winter wheat, better than the RMSE values 
found in our study (Table 6) for 2013 and 2014, respectively of 1.48 and 1.03, but similar to the 
one we obtained in 2015, i.e. 0.75. It should be noted that in the dataset used by [57], only 2 data 
points had LAI values higher than 3 and the maximum LAI was 4.5. Conversely, in our dataset, 
many points had LAI values well above 3, reaching up to a maximum value of almost 8 (Figure 
4).  
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A considerable impact on the LAI estimation accuracy might have been brought about also 
by the quality of the remote sensing data. The region of interest is strongly characterized by the 
presence of clouds and haze, so the probability to acquire clear images is very low, especially 
during spring, when rainfalls are frequent. The atmospheric correction for these images was 
difficult and it strongly influenced the reflectance and consequently the estimation of LAI. With 
such restrictive atmospheric conditions, it is not surprising that radar data can provide better 
estimates of LAI than optical data [56]. Indeed [56], using empirical calibrations, achieved better 
results when they included as regressors, in the estimation of LAI, radar polarimetric 
parameters obtained from RADARSAT-2, alone or coupled with vegetation indices from HJ-1. 
In the latter case they achieved a RRMSE of 17.4% when using Partial Least Squares Regression.  

The consideration about the influence of the atmosphere on the quality of input data for 
the Yanling area is also true for CC, but in this case the RRMSE between RS estimation and 
ground measurements was smaller than for LAI, with a RMSE of 7.2% and a RRMSE of 9% for 
the three years. This is due to the fact that CC is less subject to a saturation at high values than 
LAI. The observation period was between March and May, when the variation of LAI was 
between 0.5 and 7, corresponding to a variation of CC between 40% and 91%. Already by the 
end of March, LAI was higher than 3, which corresponded to a CC of 80%, so for most 
measurements dates CC varied between 80% and 91%. In such a small range of values, the 
ANN algorithm could estimate CC changes with a higher accuracy. In this case our results were 
better than those achieved by [57], who obtained a RMSE of 19% for winter wheat, whereas in 
our study RMSE values ranged between 5.1% and 7.3% in the three years. Our results are also 
better than those of [33], who achieved a RMSE of 15.8% and an RRMSE of 19.6% when using 
only HJ-1 data. These authors obtained better results, comparable to ours, when they used, in 
empirical regression models, coupled optical and radar data as regressors, reaching a RMSE of 
8.8% and a RRMSE of 10.9%, confirming the above considerations on atmospheric effects. 
Again, it should be remembered that we used a general purpose model-based algorithm, i.e. not 
requiring a local calibration, unlike [33]. Part of the differences in the accuracy of estimation of 
CC, could also be attributed to the equations used to convert ground measurement of LAI into 
CC. We used an equation proposed by [40] after a specific study on wheat, who showed that it 
performed better than the equation proposed by [58] for maize, which was also employed by 
[33].  

The estimation of LAI and CC was aimed at the application of assimilation methods for 
estimating yield, thus the error in their estimate could influence the results of the assimilation. 
In particular, the EnKF method takes explicitly into account the error in the observations to be 
assimilated into the model, which was set in our case to a value of 30%, in agreement with the 
RRMSE actually obtained for LAI (Figure 4). This sort of error is expected to have a remarkable 
effect on the accuracy of the assimilation results [2].  

 SAFY and Aquacrop are two growth crop models with rather different characteristics. 
The former is a simple algorithm, developed specifically for remote sensing applications, with a 
reduced number of influential parameters and strongly dependent on the scenario 
characteristics [49]. The latter is more complex than SAFY, the number of influential parameters 
is higher and the influence of scenario characteristics is lower than for SAFY. The strength of 
Aquacrop is its capability of taking into account crop physiological processes related to water 
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stress, which are ignored by SAFY, but of great interest for the estimation of crop water 
requirements and yield response to drought from remote sensing [7, 31]. However, despite 
being less complex than other crop models such as e.g. EPIC [22] or CERES [26], the larger 
number of parameters of Aquacrop makes it harder to calibrate and slower to run than SAFY, 
therefore making it less suitable for an assimilation application.   

The application of two different assimilation algorithms to the two models, EnKF on SAFY 
and PSO on Aquacrop, allowed to obtain reasonable yield estimates both at the field and at the 
district scale. In the field application, the accuracy of SAFY with the application of EnKF was 
similar or higher than for Aquacrop with PSO. The estimated yields obtained with EnKF and 

-1, while for PSO with Aquacrop they varied 
-1. The first method estimated with a good approximation low yield values, 

but the estimation accuracy decreased with t -1 an 
underestimation was apparent. Instead, the second method overestimated values of yield lower 

-1 and underestimated values over 6 t ha-1. Both methods showed the tendency to 
saturate at values higher than -1. 

Both methods were initially applied by using a single preliminary calibration for the entire 
dataset, i.e. the three different winter wheat growth cycles. However, in such case, the yields 
estimated from the PSO with Aquacrop had a rather small range of variation (Figure 6b), 
looking rather insensitive to scenario changes. A different calibration for each climate dataset 
was necessary (Figure 6c), in order to have comparable results with those obtained applying the 
EnKF to SAFY, the latter being calibrated only once for all the years. [34] used the PSO method 
for the assimilation of crop biomass, estimated from field based spectral reflectance 
measurements, into the Aquacrop model, employing a quite extensive winter wheat dataset 
collected during 4 years. During the PSO assimilation they recalibrated only three parameters 
(canopy growth coefficient, maximum canopy cover and maximum effective rooting depth), but 
no information is provided on how the other parameters were set. They achieved a RMSE of 
0.65 t ha-1 for the whole validation dataset.      

[35] used the same field dataset and methodology as [34], but during the PSO assimilation 
they recalibrated 8 Aquacrop parameters: cgc (increase of canopy cover per GDD), ccx 
(maximum canopy cover), cdc (decrease of canopy cover per GDD), eme (GDD from sowing to 
emergence), num (n of plants ha-1), psen (soil water depletion factor for canopy senescence), 
pstoshp (shape factor for water stress limiting stomatal conductance), and rootdep (maximum 
effective rooting depth). Also in this case no information was provided on the other parameters 
and input variables. They achieved RMSE values for yield estimates ranging from 0.51 to 0.61 t 
ha-1 for the different years and RRMSE from 8.8 to 10.7%, i.e. much better than our RRMSE 
value of 24%. However these results were obtained using ground-based hyperspectral 
measurements. [33] used HJ-1 data, acquired in 2014 in Yangling, for estimation of biomass or 
canopy cover, which was then used for the assimilation into the Aquacrop model using the PSO 
method. In this case, the yield estimation accuracy was lower, with a RMSE of 1.24 t ha-1 and a 
RRMSE of 26%, comparable with our results. Since, for these authors, the estimation of biomass 
was more accurate than that of CC, because of the above mentioned issues, they obtained better 
results when they used biomass for the assimilation, with a RMSE of 0.92 t ha-1 and a RRMSE of 
19.4%. Even better results were achieved by [33] when they combined optical and radar data for 
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the estimation of the biophysical variables to be used for the assimilation, reaching a RMSE of 
0.81 t ha-1 and a RRMSE of 17%. This confirms that the use of radar data could partially 
overcome the above mentioned difficulties with the atmospheric effects on optical data for the 
Yangling area.  

In the regional scale application, both methods simulated the mean and total yield of the 
Yangling administrative area with a good approximation, as compared to official statistics. The 
wheat classification procedure was quite successful and it showed the spatial distribution of 
growing areas, interestingly revealing the effect of year-to-year variation due to crop rotation 
practices. Yield estimation results were generally consistent with those obtained with the field 
scale application. For PSO with Aquacrop the accuracy in the spatialized application was higher 
than expected from field scale results. It should be noted that for this method it was necessary 
to recalibrate the fixed parameters and the ranges of parameters optimized during the 
assimilation, for each observed crop growth cycle. For EnKF with SAFY conversely, the same 
calibration was used for all the analyzed crop growth cycles. Because of the computational 
limits of Aquacrop, the classes in which the pixels were binned, were reduced from about 1800 
used in EnKF-SAFY to 100 for PSO-Aquacrop. This reduction was one of the causes of the lower 
spatial variation of yield for Aquacrop (Figure 8) as compared to SAFY (Figure 7). Another 
cause was the low variation of CC, the input data for PSO-Aquacrop, which affected the output.  

Despite the error in the input data, found for both LAI and CC, and the limited number of 
remote sensing observation dates, the estimation of yield was reasonable. For EnKF with SAFY 

error on the measurements, introduced as a random effect, reducing its influence on the output. 
The effect of the error can be also reduced by increasing the number of ensemble, but this 
inevitably increases the computational time. For this method the choice of measurements error 
variance and the number of ensembles is fundamental [51].  

For PSO with Aquacrop, the input error of CC was lower than for SAFY, but the yield 
estimation accuracy seemed to be more affected by the calibration of the model for each climatic 
scenario. This method thus resulted to be strongly dependant on the initial calibration, which 
resulted rather complex because of the high number of parameters which described the model. 
This dependence from calibration combined with the inaccessibility of the Aquacrop code and 
with the high computational cost, made the PSO method with Aquacrop less suitable for an 
operational application as an assimilation algorithm. 

The value of RRMSE obtained with the assimilation based on the EnKF with SAFY ranged, 
in the present study, between 15% and 20% among the years, with a value of 18% for the whole 
dataset.  

[48], using a modified SAFY version including CO2 fluxes, and recalibrating 7 parameters 
assimilating LAI retrieved from remote sensing, obtained RRMSE values between 12% and 24% 
for wheat yield estimation. It should be noted that a much larger number of observations of LAI 
from remote sensing acquisitions were available to [48] as compared to the present study.     

In the literature [22-28] the RRMSE value found by applying different methods of 
assimilation in different models was reported to be between 5-16%, therefore quite lower than 
ours. But it is important to consider that some of these studies [24-25, 27] employed more than 
20 observations of biophysical variables in the assimilations for each crop growth cycle, while 
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other studies [4, 26] used less images (around 10) at an higher resolution and with a lower error 
on the biophysical variables estimations. The method tested in this study, instead, assimilated a 
reduced number of images (just 3 or 4) for each crop growth cycle and with an estimation error 
of about 20%, reaching levels of accuracy in the estimation of the yield comparable with the 
studies encountered in the literature. [2] showed that the frequency of available observations, 
but also their distribution along the crop growth cycle has an important influence on the 
accuracy of model estimation, when used for model forcing. 

 
5. Conclusions 
 
This study demonstrated the possibility to estimate the winter wheat yield, at field and 

district level scale, through the use of assimilation methods. Two different approaches were 
tested, one based on an updating assimilation method, the EnKF, employed for the assimilation 
of LAI into SAFY, and another based on a calibration assimilation method, the PSO, used to 
assimilate the CC into Aquacrop. The tests at the field scale showed the feasibility of using 
medium resolution (30 m GSD) satellite data, such as from HJ1A/B or Landsat 8 OLI images, to 
estimate yield, with potential applications for precision agriculture.  

However, the results obtained with Aquacrop were less accurate as compared to other 
methods of assimilation for calibration encountered in the literature [22-23, 28]. This is mainly 
due to the characteristics of Aquacrop, for which is indispensable to carry out a very accurate 
calibration. Nevertheless, the application at the district scale of PSO assimilation with Aquacrop, 
was in agreement with the yield provided by official statistics. This occurred because Aquacrop 
was recalibrated for each climate dataset, furthermore to meet the high computational 
requirements of this assimilation method for calibration, a coarser binning of pixels, according to 
the CC temporal series, was applied, forcing a reduced number of classes. In this way the range 
of variation of simulated yields was rather limited, leading to accurate results, but less 
responding to spatial or temporal variation of yields. The high computational cost, the difficult 
calibration and the need to recalibrate for each year of climate datasets makes, therefore, the PSO 
method applied to Aquacrop less efficient.  

The performance of the EnKF with the SAFY model, was comparable with the results of 
others upgrading assimilation method encountered in literature [24-28], which is especially 
encouraging when considering that, despite the limited number of remote sensing images, i.e. 3 
or 4, with an error of LAI estimation of 30%, the error on the yield estimation was around 18%. 
This allows the application of this upgraded assimilation method in areas of the world where it 
is not possible to obtain a large number of images for each crop cycle.  

The encouraging results of the present work obtained with SAFY, should be confirmed with 
further studies with other validations, possibly with experiments that provide more frequent 
field measurements, a larger variety of climatic and environmental datasets and a higher quality 
of remote sensing images collection.   
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Abstract 

Process-based models can be usefully employed for the assessment of field and 

regional-scale impact of drought on crop yields. However, in many instances, especially 

when employing models at the regional scale, it is necessary to identify the parameters 

and input variables that most influence the output and to assess how their influence 

varies when climatic and environmental conditions change. In this work, two different 

crop models able to represent yield response to water, Aquacrop and SAFYE, were 

compared, with the aim to quantify their complexity and plasticity through Global 

Sensitivity Analysis (GSA), using Morris and EFAST (Extended Fourier Amplitude 

Sensitivity Test) techniques, for moderate to strong water limited climate scenarios. 

Although the rankings of the sensitivity indices for the different factors was clearly 

influenced by the scenarios used, the correlation among the rankings, higher for SAFYE 

than for Aquacrop, assessed by the top-down correlation coefficient (TDCC), revealed 

clear patterns. This allowed to identify the most relevant factors and those negligible for 

both models. In general parameters and input variables related to phenology and to 

water stress physiological processes were found to be the most influential for Aquacrop. 

For SAFYE, it was found that the water stress could be inferred indirectly from the 

processes regulating leaf growth, described in the original SAFY model. It was found 

that SAFYE has a lower complexity and plasticity than Aquacrop, making it more 

suitable to less data demanding regional scale applications, in case the only objective is 

the assessment of crop yield and no detailed information is sought on the mechanisms 

of the stress factors affecting its limitations.  

 

Keywords: Morris; EFAST; global sensitivity analysis; SAFY; complexity; plasticity. 
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Introduction 

Drought is one of factors which most influences agricultural production 

worldwide, causing significant and occasionally dramatic harvest losses [1]. In 

addition to the areas typically affected by low or erratic rainfall, areas experiencing 

water deficits have increased due to the growing water demand for non-agricultural 

uses and because of climate change [2]. There is a growing need to expand currently 

available techniques to monitor the impact of drought on crops, e.g. by predicting the 

yield loss in the presence of water shortages, both at the field and at the regional scale. 

First requirement herewith, is a crop  model suitable to study the impact of drought, 

i.e. one that can correctly simulate physiological processes related to the soil water 

status, such as crop transpiration and yield responses to water. Many models are 

available for this purpose, with varying degree of complexity and predictive 

performance. For example, the Aquacrop model was developed by the Food and 

Agriculture Organization of the United Nations specifically for the purpose of 

assessing crop response to water and it is increasingly used by scientists and 

agronomists [3-14]. In a comparison study of different wheat crop models [15], 

Aquacrop was found to be the most sensitive to water stress and the simplest when 

compared to other models, with comparable accuracy. Aquacrop was shown to 

simulate correctly winter wheat yield under non-limiting [10] and water deficit [7-8, 

11-12] conditions, generally providing better results in wet or moderate water stress 

years than in very dry years [7], thus requiring additional investigations before 

applying it to severe drought conditions. After appropriate calibration, Aquacrop could 

achieve low root mean square errors (RMSE) between measured and estimated  yields, 

in the order of 0.27 [12] to 1.29 [8] t ha-1. 

Although most process-based crop models like Aquacrop were originally 

conceived for field scale applications, they are increasingly employed for spatialized 

regional scale studies [11, 14]. Crop models are usually quite demanding in terms of 

data requirements and when applied to large areas, they can be affected by many 

sources of uncertainty, due to the poor quality of input data (e.g. weather, soil), to the 

lack of information on management (e.g., sowing dates, fertilization practices, 

cultivars grown), which can be also variable in space and time, as well as to the model 

structure [16, 17], to the experience of the model users [18] and to the uncertainty in 

the data used for their calibration [19-20].  

Because of these constraints, there is a growing interest, for large scale applications, in 

the assimilation of remote sensing data into dynamic process-based crop models. The 

objective of data assimilation is to characterize the state of an agroecosystem by 

combining information from various sources such as models and observations in space 

and time of the variables of interest [21]. This is a promising methodology that can be 

used to improve regional scale model simulations, reducing model errors, by ingesting 

into the process biophysical variables observed during the running crop season. This 

makes the methodology apt for the assessment, for instance, of the impact of drought 

on crop yields, suitable for large scale high spatial and temporal resolution spatialized 

applications [14, 16, 21-22].  For example Ines at al. [22]  developed a procedure to 

assimilate data (remotely sensed soil moisture and leaf area index), into a crop model 

to improve the estimation of crop yield and growth. By applying the data assimilation-

crop modeling framework, the authors claim to improve yield prediction performance 

substantially, which can contribute to prevent actual yield losses due to water stress. 

Other successful applications on wheat were also provided, for example by [13-14] 

using the Aquacrop model. 
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Various methods have been developed to integrate remotely sensed data into crop 

models, according to two main strategies: calibration and updating [21]. 

Calibration methods encompass adjustment of parameters in order to obtain an optimal 

agreement between simulated and observed state variables. Here, model parameters or 

input variables are re-calibrated at each assimilation step. The other assimilation 

strategy consists of updating model state variables and parameters, whenever an 

observation is available. Because of the high number of parameters and inputs in most 

crop models, assimilation methods require the set of calibrated, or updated, parameters 

or inputs to be a subset of the total number of those included in the model, in order to 

simplify the process and reduce the computational cost of the algorithm.  

To solve this issue, it is possible to follow two different strategies: 1) use a simpler 

model with a reduced number of parameters and inputs, or 2) fix the values of the 

parameters and input variables which are less influential, in order to reduce as much as 

possible the number of factors to vary. In all circumstances, however, a preliminary 

identification of the factors that most affect the targeted outputs of the model is a 

requirement.  

The use of a simple model, with a reduced number of parameters, was proposed, for 

example, by  Duchemin et al. [23], who developed the Simple Algorithm For Yield 

(SAFY), in order to investigate the perspectives offered by coupling a simple 

vegetation growth model and ground-based remotely-sensed data for the monitoring of 

wheat production. The model simulates dynamically leaf area index (LAI) and dry 

above-ground biomass and crop yield. Being quite simple, it is very attractive for 

operational applications at a regional scale. It was employed by Chahbi et al. [24] to 

estimate the dynamics and yields of cereals in semi-arid, low productivity regions in 

North Africa, confirming the ability of the model for yield prediction. However, the 

model does not take into account the effects of water or nutrient limitations on plant 

growth and it does not simulate physiological processes related to the soil water status, 

such as crop transpiration and yield responses to water. The impact of water deficit is 

expected to be accounted for by the variation of the effective light-use efficiency, with 

the idea that this parameter can be calibrated from the time course of the LAI observed 

from remote sensing. [23] highlights the limits of this assumption, since LAI is an 

indicator of all agro-environmental stresses considered together, with no possibility to 

scrutinize the underlying causes for yield reductions. For these reason Duchemin et al. 

[25] and Veloso [26] added a water balance and evapotranspiration component to the 

model, thus renamed SAFYE.  

Alternatively, more complex models can be used, such as Aquacrop. The latter is quite 

interesting in the context of remote sensing data assimilation, because it employs 

canopy cover (CC) as a key state variable. CC is easier to retrieve from remote sensing 

than e.g. LAI, which is difficult to estimate at high values, being subject to saturation  

of the reflectance signal [27].  

The identification of parameters and input variables that most affect the output of a 

model is a fundamental problem for all the applications of crop models whenever large 

uncertainty on their values is expected, such as at the regional scale, and when 

assimilation algorithms are employed. In general, this is also important for model 

calibration studies, since accurate calibration of a minimum number of parameters is 

an requirement for all crop models.  

A suitable technique for such purpose is sensitivity analysis (SA). The aim of a 

sensitivity analysis is to determine how sensitive the outputs of a crop model are, with 

respect to the elements of the model which are subject to uncertainty or variability, i.e. 

typically input variables and parameters [16]. It is possible to distinguish two different 

strategies: local and global SA [28]. Local Sensitivity Analysis (LSA) is focused on 
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the local impact of the factors on the model outputs and is carried out by computing 

partial derivatives of the output variables with respect to the input factors [16].  Each 

input parameter is varied in a neighborhood of a nominal value in order to calculate 

numerically the derivatives. During the variation of a single parameter, all others are 

held constant at a value representative of the situation to be simulated. This one-at-a-

time (OAT) approach is suitable when the variation around the nominal value is small 

enough, so that the relationship between inputs and outputs can be considered as 

linear. LSA method are characterized by a small computational cost, but they are 

inadequate to evaluate the effect of simultaneous variation of all input factors on the 

model output in case of non-linear biophysical relationships[28].        

An extensive overview of SA methods was done by Cariboni et al. [29], who show the 

inadequacy of local methods for crop models, because of the complexity of the latter 

and the necessity to know the interaction between parameters. For these reasons GSA 

is considered more adequate in this context. Global Sensitivity Analysis (GSA) 

methods evaluate the effect that the simultaneous change of  several or all the input 

factors have on the output of the model in wide ranges of variation [28]. The estimate 

of sensitivity of the model to each parameter is obtained by varying at the same time 

many or all the input factors, measuring the combined effect on model outputs. The 

inconvenience of this methods is the high computational cost, and in case of an 

excessive number of factors, the difficulty of convergence of the algorithm.  

It is possible to distinguish three different groups of GSA: 1) variance-based methods, 

such as SOBOL [30],  Fourier Amplitude Sensitivity Test (FAST) [31], Extended 

FAST (EFAST) [32]; 2) screening methods, e.g. Morris [33]; 3) regression-based 

methods, e.g. Latin Hyper Cube Sampling, Random and Quasi-Random LpTau [34]. 

Confalonieri et al. [34]  performed a comparison of several SA techniques, applying 

them to the rice crop model WARM, demonstrating the agreement between rankings 

of crop parameters from the most to the last relevant. They evaluated the accuracy and 

the efficiency of each SA method, concluding that resource intensive SA methods 

might not be needed to identify the most relevant parameters. In facts the Morris 

method, the simplest amongst GSA methods assessed, produced results comparable to 

those obtained by more computationally expensive methods. If the model is described 

by a limited number of parameters or it is possible to exclude a priori some parameters, 

it becomes convenient to use a variance-based method. The most frequently used 

methods are Sobol and EFAST. The efficiency of these methods is similar, in terms of 

computational time, but EFAST highlights better than Sobol the influence of 

interactions between parameters on the variance model [32]. In the literature both are 

used to analyze the sensitivity of a limited number of parameters. Chen et al. [35] 

preferred to use Sobol indices while in other studies (e.g. [16], [32]) the EFAST 

method is preferred. Confalonieri [34] proposed a combination of Morris and Sobol 

methods, to exploit the computational advantages of Morris method to detect the non 

influential parameters and to reduce the number of parameters when using Sobol. 

Vanuytrecht et al. [9] used the same strategy, applying at first a screening technique 

using the Morris method and subsequentially EFAST as variance-based method to 

examine sensitivity of the yield output of the Aquacrop model for different crops and 

climates. They showed that the sensitivity to important parameters depends strongly on 

environmental conditions and it was not possible to establish a ranking of parameters 

valid for each climatic scenario. This signifies that it would be necessary to perform a 

sensitivity analysis, possibly a simple screening method, for the scenarios in which the 

model will be used. Here, the  plasticity of the model, i.e. the tendency to change its 

behavior and sensitivity under different conditions, is thus determining the need for an 

extent of SA. From the operational point of view, output sensitivity and plasticity of a 
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crop model are essential informative characteristics when one wants to assimilate 

remote sensing data into crop models at the regional scale.  

In the present study, the sensitivity of two models, of great interest in the assessment 

of wheat yield in water limited conditions for regional scale studies, was assessed. 

These models are: Aquacrop [3], including a larger number of parameters and input 

factors, but usually achieving accurate estimates of wheat yield [7-14], and SAFY, 

having a reduced number of parameters, but generally providing less accurate yield 

estimates [23-26]. 

The objective of the present work is to study the complexity and plasticity of these two 

models in a comparative manner,  more specifically focusing on the global sensitivity 

of the winter wheat yield to model parameters and input variables, in a wide range of 

water limited conditions occurring during the wheat growth season. A previous global 

sensitivity analysis was carried out for Aquacrop by Vanuytrecht et al. [9], but no 

assessment of its plasticity, i.e. of how variable the sensitivity of the model is to 

environmental changes, has been performed. This is a crucial aspect, relevant for all 

the users of the model in large scale spatialized applications. For SAFY no previous 

global sensitivity analysis has been reported yet. 

 

Materials and Methods 
  

 

Crop models used 

Aquacrop 

Aquacrop is a widely used "water driven" productivity model that simulates canopy 

cover (CC), biomass and yield of a crop mainly as a function of the water productivity, 

i.e. the biomass produced per unit of water transpired by the vegetation, normalized  

for atmospheric evaporative demand and air CO2 concentration [3-14]. Input variables 

include weather data, consisting of daily maximum and minimum temperature, 

evapotranspiration and rainfall, as well as soil properties and agronomic management 

information, including some related to the crop (e.g. sowing date). In the version of 

Aquacrop used in the present work (version 4.0) there are 45 parameters (S1 Table), 

defining the crop physiological and developmental responses to environmental factors 

and to soil water and salinity stresses. Of all these parameters, 29 are considered as 

conservative, i.e. crop specific, but not changing with cultivar, time, management 

practices, geographic location or climate [38]. These parameters are not supposed to 

require a local calibration for a well calibrated crop such as wheat, but would need to 

be calibrated using data from multiple location for a species new to Aquacrop. Crop 

development is limited by upper and lower temperature thresholds and is determined 

by a set of phenological parameters (e.g. eme, flo, mat, sen) which specify the length 

(in days or in growing degree days) of each development phase, e.g. from sowing to 

emergence (eme), flowering (flo), maturity (mat) or senscence (sen). 

Canopy cover (CC) is the main state variable describing the growth of the foliage. Its 

dynamics, in non limiting conditions, are regulated by parameters setting the initial 

canopy cover, its growth rate coefficient (CGC), the maximum CC potentially 

achievable (CCx) and its decline rate coefficient (CDC). Water stress, as well as soil 

salinity or limited fertility, limits or delays the CC development through stress 

coefficients. 
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The amount of water transpired by the crop is a function of CC. Cumulative 

biomass production is obtained as the sum of the daily ratio between crop transpiration 

and ET0 for each day of the crop cycle. The proportional factor between biomass and 

transpiration ratio is the normalized Water Productivity  (pwp) (Eq. 1): 

𝑩𝒏 = 𝒑𝒘𝒑 ∙ ∑ (
𝑻𝒓𝒊

𝑬𝑻𝟎𝒊

)𝒏
𝒊=𝟏        

  (1) 

where 𝐵𝑛  is the  cumulative aboveground biomass production at day n (g m-2); 

𝑇𝑟𝑖  is the daily crop transpiration (mm day-1); 𝐸𝑇0𝑖
 is the daily reference 

evapotraspiration (mm day-1); 𝑖  is the day of crop cycle (from 1 to n) and pwp  is the 

normalized crop water productivity.  

The yield is calculated by multiplying the final biomass by a harvest index [38]. The 

influence of water stress on crop development is represented by a number of stress 

coefficients, which describe the impact of water stress on canopy development, 

transpiration and harvest index due to limited water availability. Additionally, 

temperature limitations on biomass production and pollination are considered. A more 

detailed description of the Aquacrop model is presented by Raes et al. [38].  

 

SAFYE 

The original Simple Algorithm For Yield (SAFY) proposed by [23] is based on 

the Monteith concept [39], which links the production of total dry phytomass to the 

photosynthetically active portion of solar radiation (PAR) absorbed by the crop. SAFY 

simulates, on a daily time step, three main state variables from emergence of the crop to 

the end of its senescence. These are: Dry Above-ground Mass (DAM), Leaf Area Index 

(LAI) and Grain Yield (GY). 

The daily production of dry above-ground phytomass (∆𝐷𝐴𝑀)  depends on the 

incoming global radiation (Rg) through three parameters: 1) climatic efficiency 

(Pgro_R2P) which is the  ratio of incoming photosynthetically active to global 

radiation; 2) light-interception efficiency (Pgro_Kex), which affects the fraction of 

photosynthetically active radiation absorbed by the canopy (APAR) and 3) effective 

light-use efficiency Pgro_Lue (g MJ-1), which is the ratio of photosynthetically energy 

produced as DAM from APAR.   

Furthermore, a temperature stress function 𝐹𝑇(𝑇𝑎) guarantees that the daily rate of 

biomass production  of vegetation (∆𝐷𝐴𝑀) increases as the air temperature is closer to 

the optimum temperature (Ptfn_Topt), and goes to zero out of the range between 

minimum and maximum critical temperatures.  The final equation of  ∆𝐷𝐴𝑀 is: 

∆𝐷𝐴𝑀 = 𝑅𝑔 ∙ 𝑃𝑔𝑟𝑜_𝑅2𝑃 ∙ 𝑃𝑔𝑟𝑜_𝐾𝑒𝑥 ∙ 𝑃𝑔𝑟𝑜_𝐿𝑢𝑒 × 𝐹𝑇(𝑇𝑎) = 𝐴𝑃𝐴𝑅 ×𝑃𝑔𝑟𝑜_𝐿𝑢𝑒 ×

 𝐹𝑇(𝑇𝑎)                                        (2) 

The light-interception efficiency depends on the green leaf area index (GLAI) 

and a light interception coefficient Pgro_Kex  according to Beer's law. The 

development of GLAI is split into two phases. In the first phase GLAI increases, 

starting at crop emergence and ending at the beginning of senescence. In the second 

phase, between the beginning and the end of senescence, GLAI decreases with a rate 

defined by senescence parameters.  
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The third state variable simulated by SAFY is the grain yield. It is calculated 

from DAM by means of a proportionality factor Pgro_P2G, corresponding to the 

harvest index. A detailed description of SAFY was presented by Duchemin et al.[19].  

In the present work, a modified version of SAFY, called SAFYE was used, introducing 

a dependence of biomass yield on crop water stress, adopting the same modification as 

used by [25] and [26]. These modifications were introduced since they allow an explicit 

assessment of the crop response to water availability and the characterization of water 

stress, which was lacking in the original model. The dry above-ground phytomass rate 

of change (∆𝐷𝐴𝑀) is multiplied by  a water stress factor Ks, a dimensionless 

transpiration reduction factor dependent on available soil water, ranging between 0 and 

1 [37]. Ks is calculated from the total available soil water in the root zone (TAW) and 

readily available soil water in the root zone (RAW), resulting from a simplified water 

balance driven by crop evapotranspiration, as described by the FAO irrigation and 

drainage paper n. 56 [37]. ∆𝐷𝐴𝑀 used in the modified version of SAFY is computed as:  

∆𝐷𝐴𝑀 = 𝐴𝑃𝐴𝑅 𝑃𝑔𝑟𝑜_𝐿𝑢𝑒 𝐹𝑇(𝑇𝑎)𝐾𝑠
                                                                               

(3) 

The version of SAFYE used in this work has 23 parameters in total, of which 10 

were added in the present modified version to the 13 of the original SAFY [23].  Of 

these 23 parameters, 13 can be considered as conservative, i.e. theoretically not needing 

a local calibration [26], whereas 9 are cultivar specific and 1 depends on management 

factors, as listed in S2 Table. Additionally there are 8 input variables related to soil 

properties and management factors and 7 daily weather variables required: solar 

radiation, minimum and maximum air temperature, minimum and maximum relative 

humidity, mean wind speed and reference evapotranspiration.  

SAFYE was tested with field data collected on winter wheat in Xiaotangshan (40.17°N, 

116.43°E), near Beijing (China) during four years (2008-2011), within an experimental 

trial in which different sowing dates were used, according to a randomized block design 

with three replicates. In the first three years, three sowing dates were adopted: 28 

September, 7 and 20 October in 2008-2009; 25 September, 5 and 15 October in 2009-

2010; 25 September, 5 and 15 October in 2010-2011. The last year (2011-2012) only 

one sowing date was used: 25 September. The area of each plot was 100 m2 in 2008-

2010 and 300 m2 in 2011. Weed control, pest management and fertilizer application 

were performed according to the local standard practices. The biomass and the leaf area 

index (LAI) were sampled 5-6 times during each growing season. The LAI-2000 Plant 

Canopy Analyzer (LI-COR Inc., Lincoln, NE, USA) was used for the determination of 

LAI. Aboveground biomass was collected using random sampling of a 0.25-m2 area, 

with four replicates per plot.  All samples were oven dried at 70 °C to a constant weight. 

The grain yields of each plot with three replicates for each treatment were obtained by 

randomly sampling a 1.5 m2 area. Further details on this experimental dataset are 

provided by [8]. 

The performance of the model, previously validated by [25] and [26], was assessed by 

comparing simulated and measured data by computing the Root Mean Squared Error 

(RMSE) and the relative RMSE, i.e. RRMSE the ratio between RMSE and the mean of 

the measured data. 

Sensitivity analysis strategy 

Following a widely used procedure [9, 34], the SA strategy used in this study 

was to apply preliminarily a screening method, focusing on the computation speed 
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rather than on the assessment of higher order effects, in order to be able to exclude non-

influential parameters of the models. In the second step, a variance based method is 

applied, which requires a longer computational time, but allows the assessment of 

interactions and higher order effects. Using only the ranking of influential parameters, it 

is possible to establish accurately and with acceptable computational costs, the effect 

that the simultaneous change of multiple input factors have on the output of the model.  

The two global sensitivity methods chosen in this work are the screening method of 

Morris [33] and the variance based method Extended Fourier Amplitude Sensitivity 

Test (EFAST) [28]. The latter method complements the first, which does not allow to 

quantify non linear and second order effects. Besides, although considered a GSA 

method, the experimental part of the Morris method is composed of individually 

randomized one at a time (OAT) experiments and sensitivity measures are typically 

considered qualitative (i.e., ranking significant input factors), but not necessarily 

quantitative in regard to the degree of significance [40].  

Morris Method 

The Morris Method [33]  is designed for the quantification of elementary 

effects that the variation of input factors (parameters and input variables) produce on 

model outputs. More specifically, the aim of the method is to determine whether the 

effect of input factors variation are: negligible, linear and additive, non-linear or 

involving interactions with other factors [41]. 

The experimental design is composed of individually randomised one-at-time 

experiments. Morris design has the following characteristics [33]: (1) the points are 

sampled from a region () structured as a p-dimensional regular grid, (2) the design is 

structured in groups of points, called trajectories. In this study the number of points 

was chosen as equal to the number of factors, i.e. model input variables or parameters, 

so that k=p. In this case the number of trajectories (r) has been set to 20, as a 

compromise between the minimum value suggested by Campolongo et al. [41], i.e. 10 

and the value used by [9], i.e. 25, in order to have limited computational cost. Each 

trajectory is composed by k points, each point is an input variable or parameter (also 

called factor) of the model. The number of trajectories simulated in this work is 500 

(Q=500). In this set of simulated trajectories, r trajectories with the highest spread are 

chosen: in this case r=20. The spread is defined by Campolongo et al. [41].  

 The elementary effect (di) of i-th factor (Xi ) due to a factor perturbation  is the 

relative difference between the output of the model obtained with and without 

perturbation: 

 

𝑑𝑖(𝑋1, … , 𝑋𝑛, Δ) =
𝑦(𝑋1,…,𝑋𝑖−1,𝑋𝑖+Δ,𝑋1+1)−𝑦(𝑋1,…,𝑋𝑛)

Δ
                                                                            

(4) 

 

where   is a value in {0,1/(p+1),2/(p+1),...1}, p is the number of intervals into which 

the parameter range is subdivided, 𝐗 = (X1, X2, … , Xk) is any selected value in  such 

that the transformed point ( 𝐗 + 𝐞𝐢Δ ) is still in  for each index i=1,...,k and 𝐞𝐢 is a 

vector of zeros but with a unit as its i-th component.   

The random sampling of different X from  allows to obtain the finite distribution of 

elementary effects di  associated with the i-th input parameter (Fi). Morris  [33]  

suggested to use the mean () and the standard deviation () of the distribution Fi as 

sensitivity indices.  
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Empirical studies [42]  have shown that the absolute value of mean (*) can be 

considered as a “total sensitivity index” because a low *
i 

 is sufficient to define a 

parameter as negligible. It is sufficient that µ∗  is below a threshold value to consider a 

parameter as negligible. In this study, a parameter or input variable was considered as 

non influential when, in all the scenario considered, µ∗ was below a threshold value of 

0.1 t ha-1 of grain yield, which was the only output variable examined in this study. 

This threshold value was chosen arbitrarily, assuming to represent a yield error well 

below what has been reported to be the typical range of error found when employing 

the models [7-8, 10-12, 25-26]. . 

 

Extended Fourier Amplitude Sensitivity Test (EFAST) 

The EFAST method is an evolution of the Fourier Amplitude Sensitivity Test 

(FAST), which is a SA method based on the use of the variance. It employs the 

decomposition of the Sobol variance [30] and proposes to calculate sensitivities 

indices using the total variance of the output of the model and the conditional 

variances depending on the parameters.  

The principle of FAST [31]  is to change the inputs xi at different frequencies and to 

examine the importance of the function (f) components at these frequencies.  

The FAST method established a unique correspondence between the Fourier 

coefficients for ωi frequency associated with the factor xi and the sensitivity of 1st 

order of model outputs relative to xi factor. Using the FAST method it is possible to 

calculate only the main effect on the output of the input variation, because it neglects 

the effects of the 2nd order, from which it is possible to quantify the sensitivity of the 

interaction between the variation of parameters. It is complex to calculate in detail the 

terms of interaction, because all the linear combinations of the frequencies  ωi must be 

considered. Saltelli et al. [32]  show a method to quantify rather quickly the influence  

of each interaction, calculating a main sensitivity index (Si) and an index of total 

sensitivity (STi), i.e. the sum of the main effect of xi  plus the interaction terms to all 

orders including xi.  

The sensitivity indexes are: 

𝑆𝑖 =
𝐷𝑖

𝐷
                                                                                                                                               

(5) 

 

𝑆𝑇𝑖 = 1 −
𝐷∼𝑖

𝐷
                                                                                                                                   

(6) 
 

where Di is the main effect of parameter i on the output variance,  D~i  is the sum of all 

the variance terms that do not include the index i and D is the variance of the output (in 

our case grain yield). 

The innovation of EFAST, besides considering higher order effects and introducing the 

total sensitivity index, is in the way the n dimensional parameter space is explored. It 

uses a search curve defined by the following set of parametric equations: 

 

𝑥𝑖 =
1

2
+

arcsin[sin(𝜔𝑖𝑠)]

𝜋
                                                                                            (7) 

 

where s is a scalar ranging from - to  and ωi  is the frequency associated with the 

parameter i. Saltelli et al. [32] suggested optimal values of ωi between 16 Nr and (16 Nr 

+48 Nr) where Nr is the number of different search curves within the hyperspace.   
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In the present study, the EFAST method has been used subsequently to the application 

of the Morris method, analyzing only the parameters found to be non-negligible. The 

sensitivity indices of EFAST were calculated for individual parameters as first-order 

effects Si, i.e. the main sensitivity index, and total effects STi, first order plus 

interactions of higher order with other parameters, i.e. the total sensitivity index. Si and 

STi range between 0 and 1, with higher values indicating more important effects. There 

is not an objective way of establishing a threshold value for considering a parameters 

as negligible or influential, but we decided to adopt a threshold of STi of 0.1 (i.e. 10% 

of the output variance), on the basis of an analysis of the literature, since this was the 

most frequently used value [16, 29, 34, 40]. 

For this study a Matlab (Mathworks Inc., MA, USA) implementation of the EFAST 

and Morris algorithms was used [42].    

Range of variation of model parameters 

The range within which the parameters and input variables were allowed to 

vary during the GSA was defined in order to represent the uncertainty on their values 

in the context of a regional scale model application. For both Aquacrop and SAFYE, 

the parameters considered as conservative, i.e. not suppose to be varied for a given 

crop species, were allowed to vary within a maximum range of ±33% of a mean 

nominal value obtained from the literature as detailed in S1 and S2 Tables. In facts, the 

calibration results of different studies on wheat [7-8, 10-12] suggest that even for these 

parameters a limited range of variation is needed, thus we adopted for these parameters 

a range resulting from the values used these studies, including them in the SA, as also 

done by Vanuytrecht et al. [9].  The range of variation of the other parameters and 

input variables was also defined, as specified in S1 and S2 Table, according to the 

literature or expert knowledge on the variability of each factor likely to be faced when 

applying the models in a regional scenario. It should be noted that this application 

context is rather different from the typical field scale model application, in which 

knowledge of many soil input variables (e.g. soil texture) or management factors (e.g. 

sowing date) is generally available. The GSA for Aquacrop was carried out for 9 input 

variables and 45 parameters, of which 29 were considered as conservative, as 

presented in the S1 Table.  

For SAFYE, the range of variation of the parameters and input factor was set using the 

same criteria used for Aquacrop, adopting whenever possible the same ranges for 

equivalent parameters in the two models, as detailed in S2 Table. The GSA was carried 

out for 8 input variables and 23 parameters, of which 13 were considered as 

conservative.  

Assessmement of model complexity and plasticity  

The two models, Aquacrop and SAFYE, were compared in terms of two indicators 

derived from the GSA results: complexity and plasticity. Complexity is the parsimony 

of the model in representing the biophysical system, providing information about the 

amount and relevance of model parameters and inputs [43]. Plasticity is defined as the 

aptitude of a model to change the sensitivity to its parameters and inputs when the 

conditions of application change [44].  

In this study we choose to represent the complexity through the parameter ratio 

(Rp) introduced by Confalonieri et al. [44]. It is the proportion of relevant parameters 

(S) over the total number of model parameters (T): 
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                                                                                                              (8) 

All the parameters and input variables for which the STi was higher than 0.1 were 

considered as relevant (S), whereas T was the total number of factors tested in the SA. 

According to Confalonieri et al. [44], plasticity can be quantified using an index L: 

                                                                                                                 (9) 
 

where TDCC is the top-down concordance coefficient presented by Iman and Conover 

[45] and σSAM is the standard deviation of a normalized agrometeorological indicator 

(SAM) proposed by Confalonieri et al [46]. TDCC, ranging between 0 and 1, is 

considered suitable for comparing parameters rankings obtained from SA carried out 

under different conditions. It has the capability of emphasizing the agreement among 

rankings assigned to relevant parameters and of deemphasizing the disagreement among 

those assigned to less important parameters [43].  Considering the value of a sensitivity 

index SIij for parameter Xi and replicate Rj (each replicate corresponds to a SA ranking), 

ranks assigned to the sensitivity index for replicate Rj  can be denoted as r(SIij), i=1, 

2,...,k for the k parameters. A rank of 1 is assigned to the parameter Xi with the largest 

value of SIij, a rank of 2 is assigned to the parameter with the second largest SIij ,and so 

on. Then, Savage scores ss(SIij) can be calculated according to Eq. (10): 

𝑠𝑠(𝑆𝐼𝑖𝑗) = ∑
1

𝑖

𝑘
𝑖=𝑟(𝑆𝐼𝑖𝑗)                 

(10) 

 

for all the parameters Xi and replicates Rj. The TDCC is then calculated as: 

 

𝑇𝐷𝐶𝐶 =
∑ [∑ 𝑆𝑆(𝑆𝐼𝑖𝑗)

𝑛𝑆𝐴
𝑗=1

]−𝑛𝑆𝐴
2 ∙𝑘𝑘

𝑖=1

𝑛𝑆𝐴
2 ∙[𝑘−∑

1

𝑖
𝑘
𝑖=1 ]

         

 (11) 

where nSA is the number of sensitivity analysis replicates.  

The normalized synthetic agrometeorological indicator SAM [46], ranges between -1 

(corresponding  to maximum drought) and +1, is computed as:  

                                                                                                                                                                        

(12) 

where Rain (mm) and ET0 (mm) represent respectively the cumulative rainfall and 

reference evapotraspiration. Confaloneri et al. [46] showed that SAM is a very useful 

standardized indicator for characterizing the conditions of applications of crop models. 

The use of an exponential function of the variability of SAM in the index L was chosen 

by [44] to improve its discriminating capability at plasticity  values close to zero and to 

reduce asymmetries in the distribution of L.  

The plasticity index L proposed by Confalonieri et al. [44] ranges from 0 to about 1.51, 

with the highest plasticity at 0. This indicator couples model response, represented by 

TDCC, with the variability of environmental conditions, represented by the standard 

deviation of SAM. Since plasticity is related to the capability of simulation models to 

change the way they react to a changing environment, by changing the relevance of 

their parameters, [44] consider a high plasticity as optimal, because of the pronounced 

phenotypic plasticity intrinsic in the modelled cropping systems. However in the 

T

S
Rp 

1
 SAMeTDCCL



0

0

ETRain

ETRain
SAM





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practical terms, a high plasticity would mean that the results of a sensitivity analysis 

would not have a general validity.  

 

Climatic scenarios 

The meteorological data used in this study to drive the model simulations for the 

sensitivity analysis were obtained from three sites representing contrasting 

environments, in terms of temperature extremes and water availability during the winter 

wheat growth season (Table 1). They were selected in order to encompass a large 

variability of water limitation patterns during the winter wheat growth season, either in 

the early phase (autumn to beginning of winter) or in the full wheat development phase 

(end of winter to spring).  

The Xiaotanshan site (lat. 40.17°N, long. 116.43°E, alt. 57 m), near Beijing 

(China), is characterized by a continental climate, with a cold dry winter and a hot wet 

summer, belonging to the Koppen-Geiger [47] class Dwa (cold, dry winter, hot 

summer), i.e. monsoon-influenced, hot-summer humid continental climate.  

The Yangling site (lat. 34.27°N, lon. 108.09°E, alt. 460 m), in the Chinese 

Province of Shaanxi, is located within a Monsoon-influenced humid subtropical area, 

falling within the Cwa Koppen-Geiger class (temperate, dry winter, hot summer), 

characterized by high evapotranspirative deficit in spring.  

Viterbo (lat. 42.72°N, long. 12.12°E, alt. 310 m), Central Italy, has a typical 

Mediterranean climate with wet autumn and dry hot summer, falling into the Koppen-

Geiger class Csa (temperate, dry summer, hot summer).  

The dataset consisted of daily rainfall, temperatures (mean, maxima and 

minima), relative humidity and wind speed. Solar radiation was calculated from the 

temperature range using the relationship proposed by Bristow and Campbell [36]. 

Reference evapotraspiration was calculated using the FAO Penman-Monteith method 

[37], using all the available variable (temperature, humidity, solar radiation and wind 

speed). 

To quantify the degree of crop water stress in the three sites, we calculated the 

evapotranspirative deficit, i.e. the difference between rainfall and reference 

evapotranspiration (ETo) and the normalized synthetic agrometeorological indicator 

(SAM) [46]. The advantage of  using this index is that it expresses the 

evapotranspiration deficit in relative terms, allowing an easy comparison among sites 

and years, though it is only a partial indicator of the seasonal conditions impacting crop 

growth, since it does not take into account temperature extremes.  

Based on such indicators, we selected, for each site, two winter wheat growth seasons 

(Fig 1), spanning from the 1st of September to 31st of July, characterized respectively 

by relatively dry or wet conditions. These were selected on the basis of the 

evapotranspiration deficit and SAM occurring in the periods considered as most 

important for winter wheat growth (Table 1), i.e. from October to December (autumn to 

beginning of winter) and from February to June (end of winter to spring). 

 

Fig. 1. Meteorological datasets used in the sensitivity analysis study. Time trends of 

daily maximum and minimum air temperature (left),  rainfall and reference 

evapotranspiration (right) for the sites of Xiaotanshan (top), Yangling (centre) and 

Viterbo (bottom), for the two years considered in each study site. 
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Table 1. Summary of the climatic data sets used in this study. Cumulative rainfall and reference evapotranspiration (ETo), average maximum 

and minimum temperature, evapotranspiration deficit (rain-ETo) and synthetic agrometeorological indicator (SAM) [46], in the most crucial 

periods of wheat growth, for the years used in the sensitivity analysis study and for the long term climatic data (30 years). 

 

Autumn-Winter (Oct-Dec)   Winter-Spring (Feb-Jun) 

Site Year 
Rain 

(mm) 

ETo 

(mm) 

Tmin 

(°C) 

Tmax 

(°C) 

Deficit 

ET 

(mm) 

SAM   
 

Year 
Rain 

(mm) 

ETo 

(mm) 

Tmin 

(°C) 

Tmax 

(°C) 

Deficit 

ET (mm) 
SAM   

Yangling 

1994 236.6 392.7 10.3 18.4 -156.1 -0.2 Wet 1995 189.5 817.1 9.9 22.0 -627.6 -0.6 Dry 

1986 197.1 405.5 8.8 18.0 -208.4 -0.3 Dry 

 

1987 442.3 726.6 8.7 19.9 -284.3 -0.2 Wet 

long 

term 

mean 266.0 391.7 9.3 18.3 -125.8 -0.2 

  

long 

term 

mean 306.6 761.9 9.1 20.3 -455.4 -0.4 

 

                  

Viterbo 

2002 210.4 138.3 9.2 18.3 72.1 0.2 Dry 

 

2003 106.2 538.1 8.1 22.7 -431.9 -0.7 Dry 

2009 350.6 113.1 6.3 15.9 237.5 0.5 Wet 2010 508.2 422.1 7.2 18.3 86.1 0.1 Wet 

long 

term 

mean 270.8 129.4 6.5 15.6 141.3 0.4 

  

long 

term 

mean 276.9 460.8 7.1 18.8 -183.9 -0.2 

 

                  

Xiaotangshan 

2010 139.8 122.8 5.3 15.0 17.0 0.1 Wet 2011 432.5 508.5 8.2 18.9 -76.0 -0.1 Wet 

2011 116.8 250.2 5.9 14.9 -133.4 -0.4 Dry 

 

2012 481.9 785.1 8.3 18.4 -303.2 -0.2 Dry 

long 

term 

mean 37.59 128.7 0.5 10.9 -91.1 -0.5     

long 

term 

mean 152.7 491.2 7.1 18.9 -338.5 -0.5   
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Results 

Assessment of the SAFYE model 

The version of the SAFYE model used in the present work was able to simulate 

quite accurately the winter wheat grain yield of the Xiaotangshan dataset (Fig 2), with 

an overall RMSE of 0.25 t ha-1 and a RRMSE of 5% for the final grain yield estimation 

across all years and sowing dates. The time trends of simulated above ground biomass 

and LAI were in agreement with measured data for most of the sowing dates, although 

the time of simulated grain maturity was slightly delayed as compared to the actual 

harvest dates (S1 File). 

SAFYE lead to a small improvement in the estimation of grain yield as 

compared to the original version of the SAFY model [23] for which the RMSE was 

0.27 t ha-1, for this dataset.   

Fig 2. Relationship between measured and simulated grain yield in winter wheat 

with the SAFYE model, across 4 years at Xiaotanghan. 

 

Application of Morris methods  

The results of the Morris method (both for Aquacrop and SAFYE) showed that 

the value of µ∗  was  strongly influenced by the climatic scenarios employed. In facts, 

values of µ∗  were rather different not only between the sites, but they also varied 

significantly among the years analyzed (Fig 3 and Fig 4). However, there was a 

number of factors that were consistently non-influential, i.e. with µ∗  values lower than 

0.1 t ha-1, that could be identified for both models, which was the main objective of the 

application of this screening method.  

 

Fig 3. Values of  Morris Mean Effect (*) for the Aquacrop model using climatic 

scenarios for Xiaotanshan (a), Yangling (b) and Viterbo (c) for two crop growth 

seasons each. Bars in red identify drier years, bars in blue wetter years. 

Parameters abbreviations are given in S1 Table. Parameters with mean *values 

lower than 0.1 t ha-1 have been omitted. 

 

Fig 4. Values of  Morris Mean Effect (*) for the SAFYE model using climatic 

scenarios for Xiaotanshan (a), Yangling (b) and Viterbo (c) for two crop growth 

seasons each. Bars in red identify drier years, bars in blue wetter years. 

Parameters abbreviations are given in S2 Table. Parameters with *values lower 

than 0.1 t ha-1 have been omitted. 

 

In general, higher values of µ∗  were observed for Aquacrop than for SAFYE. In 

particular, very high values of µ∗  were found for Aquacrop in Viterbo, for which the 

highest sensitivity was for the day of sowing (dos), and for the temperature sum 

(GDD) until sensecence (sen), grain physiological maturity (mat) and until flowering 

(flo). The latter two parameters seemed especially influential in the wetter year. Also 

for Yangling these parameters resulted quite important and the influence of flo and sen 

was similarly higher in the wetter year, whereas they resulted less influential but still 

not negligible in Xiaotangshan. For the Xiaotangshan site though, the sensitivity of 
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yield to these parameters was still noticeable, but less strong than that of other factors 

such as soil field capacity (fc) and wilting point (pwp). The latter two input variables 

were also very influential for Yiangling and in both sites their  µ∗  values were higher 

in the relatively wetter years. It should be noted that these two sites had a remarkable 

evapotranspirative deficit also in the relatively wetter years (Table 1) and it could be 

expected that in these conditions the influence of soil water holding characteristics, 

regulating rain water storage in the root zone, is more important when there is 

sufficient rain during the growth season, than when rainfall is reduced. A similar 

pattern, i.e. stronger influence in wetter years in these two sites, appeared also for two 

other parameters linked to soil water stress: the soil water depletion factor for canopy 

senescence (psen) and for stomatal control (psto).  

Overall, the SA for Aquacrop shows that all the factors categorized by [38], as related 

to the development of green canopy, as well as flowering, can be considered as 

influential. These include both phenological parameters, such as the temperature sum 

to emergence (eme), to crop maturity (mat) and the length of flowering (flolen), in 

addition to sen and flo already mentioned, as well as parameters describing the 

increase (cgc4gdd) or decline (cdc4gdd) of the canopy cover. Three parameters related 

to root development resulted non negligible (i.e. with µ∗ higher than 0.1 t ha-1): most 

notably maximum rooting depth (rtx) and the growing degree days (GDD) to reach 

maximum root depth (root), especially for the Xiaotangshan and Yangling sites. All 

the parameters related to air temperature stress were non-negligible, with the base 

temperature below which crop development stops (To_crop) and below which 

pollination starts to fail (polmn), especially influential in Viterbo in 2002-03 where 

low temperatures occurred in March (Fig 1). It is interesting to note that To_crop was 

not influential in Xiaotangshan in which temperatures were well below the range used 

for this parameter, whereas in Viterbo the temperatures recorded in winter tended to be 

close to the range used for To_crop. Also parameters linked to crop transpiration (kc 

and kcdcl), to crop water productivity (wp and wp_yfp) and to the harvest index (hi and 

hilen) were found to be influential. The climate scenarios (sites and years) influenced 

the rankings of the parameters on the basis of the µ∗, as measured by the top-down 

concordance correlation (TDCC) which overall had a value of 0.47 (in a range 0 to 1). 

The correlation between the results of the sensitivity analysis of the different scenarios 

was slightly lower among the wet years (TDCC=0.49) than among the dry years 

(TDCC=0.51), highlighting more differences among the previous. The correlation 

within sites was higher for Xiaotangshan and Yangling, TDCC of 0.7 and 0.75, than 

for Viterbo which had a correlation of 0.63 among the sensitivity analysis results of the 

dry and wet year. 

Despite the differences of climate and sites, it is possible to distinguish a group of 

factors which was constantly negligible, i.e. for which µ∗ was always less than the 0.1 t 

ha-1 threshold (Table 2).    

 

Table 2. List of Aquacrop factors that were found to have a negligible influence 

on grain yield, i.e. with Morris total sensitivity index µ∗ <0.1 t ha-1, in all the 

climatic scenarios of the present study. 

 
Name of 

parameter or 

input 

variable 

Type 
Process affected 

(from [38]) 
Description 

polmx conservative 

parameter 

Air temperature 

stress 

Maximum air temperature above which 

pollination starts to fail 
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evardc conservative 

parameter 

Crop 

transpiration 

Effect of canopy cover in reducing soil 

evaporation in late season stage 

cpco2 conservative 

parameter 

Crop water 

productivity 

Crop performance under elevated 

atmospheric CO2 concentration 

rtmin management input Development of 

root zone 

Minimum effective rooting depth 

rtexup cultivar specific 

parameter 

Development of 

root zone 

Maximum root water extraction in top 

quarter of root zone 

rtxlw cultivar specific 

parameter 

Development of 

root zone 

Maximum root water extraction in 

 bottom quarter of root zone 

exc conservative 

parameter 

Harvest Index Excess of potential fruits 

hipsveg conservative 

parameter 

Harvest Index Coefficient describing positive impact on 

HI (harvest index) of restricted 

vegetative growth during yield formation 

hingsto conservative 

parameter 

Harvest Index Coefficient describing negative impact 

on HI of stomatal closure during yield 

formation 

hipsflo conservative 

parameter 

Harvest Index  Possible increase of HI due to water 

stress before flowering 

hinc conservative 

parameter 

Harvest Index Allowable maximum increase of 

specified HI 

Ssf management input Soil fertility 

stress 

Soil fertility/salinity stress coefficient  

ecss conservative 

parameter 

Soil salinity 

stress 

Electrical Conductivity of soil saturation 

extract at which crop can no longer grow 

ecsss conservative 

parameter 

Soil salinity 

stress 

Electrical Conductivity of soil saturation 

extract at which crop starts to be affected 

by soil salinity 

fk management / 

environment 

Soil water stress Evaporation decline factor for stage II   

Ksat management input Soil water stress Saturated hydraulic conductivity 

psenshp conservative 

parameter 

Soil water stress Shape factor for water stress coefficient 

inducing early senescence 

ppol conservative 

parameter 

Soil water stress Soil water depletion factor for 

pollination: upper threshold (fraction 

TAW) 

rew management input Soil water stress  Readily evaporable water from top layer 

pexup conservative 

parameter 

Soil water stress Soil water depletion factor for canopy 

expansion: upper threshold, fraction of 

total available water (TAW) 

anaer cultivar specific / 

environment 

Soil water stress Anaerobic point below saturation 

limiting aeration 

cn management input Soil water stress Soil Curve Number 

 

These include all the factors linked to soil salinity or fertility stress, as well as some 

parameters related to the harvest index (exc, hipsveg, hingsto, hipsflo and hinc) and 

cpco2, i.e. crop performance under elevated atmospheric CO2, which was obviously 

irrelevant since CO2 was kept constant in the simulations. Some soil water stress 
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factors were negligible, though others of this category were influential as discussed 

above.  

The SA for SAFYE highlighted a set of factors with µ∗ values higher than the 

threshold of 0.1 t ha-1 established for considering them as influential. This set was 

approximately the same in all experimental sites, although the values of µ∗ were 

generally higher in Yangling and in Xiaotanshan, as compared to Viterbo, for which 

the highest values were found in the driest year. This was in contrast with the other 

two sites, for which higher µ∗ values were generally found in the wetter years, 

especially in Yangling.  

Similarly to what was found for Aquacrop, higher values of  µ∗ for field capacity (FC) 

and wilting point (WP) were found in the wetter years in Xiatangshan and Yangling, 

though in this case they were comparatively less influential than other parameters. The 

emergence date (Pfen_MrgD), which can be considered equivalent to the sowing date 

in Acquacrop, since that input is not used in SAFYE, was the most influential factor 

for the dry year in Viterbo, similarly to what found for Aquacrop. In that year the 

drought and high temperatures occurring in the late spring caused an earlier senesce 

and termination of the growth cycle, thus sowing date would have been crucial, 

allowing a longer or shorter time period for photosynthetic assimilation. Specific leaf 

area (Pgro_Sla), used in the model to convert biomass into leaf area, was found to be 

very influential in all sites. The same was true for the other parameters related to green 

canopy development, such as the two parameters appearing in the function regulating 

the partitioning of biomass to leaves (Pfen_PrtA and Pfen_PrtB), as well as parameters 

regulating the senescence (Pfen_SenA and Pfen_SenB). The conversion factor of solar 

radiation into PAR (Pgro_R2P) had a very strong influence on grain yield, especially 

at Xiaotangshan and Yangling where more variability in irradiance levels were found 

than at Viterbo (data not shown, but it can be inferred from ETo patterns in Fig 1).  All 

the parameters related to air temperature stress were also influential (Ptfn_Topt, 

Ptfn_TpSn, Ptfn_Tmin, Ptfn_Tmax). As expected the two key parameters affecting 

PAR absorption by the canopy (Pgro_Kex) and its conversion into biomass 

(Pgro_Lue) were very important, similarly to the parameter regulating the partitioning 

of biomass to grain (Pgro_P2G). 

The factors that were found to have a negligible impact, i.e. with µ∗ values lower than 

0.1, were all those introduced in SAFYE (with the exception of soil field capacity and 

wilting point), i.e. factors linked to transpiration, root development and water stress 

(Table 3). 

 

Table 3. List of SAFYE factors that were found to have a negligible influence on 

grain yield, i.e. with Morris total sensitivity index µ∗ <0.1 t ha-1, in all the climatic 

scenarios of the present study. 

 
Name of 

parameter or 

input 

variable 

Type Process affected Description 

Kc_tab_ini Conservative 

parameter 

Crop transpiration Crop transpiration coefficient at the 

initial development stage 

Kc_tab_mid Conservative 

parameter 

Crop transpiration Crop coefficient at mid stage  

h_max Non conservative 

parameter 

Crop transpiration Maximum crop height   



 
 

19 
 

Kc_tab_end Conservative 

parameter 

Crop transpiration Crop coefficient at final stage  

SMT_sen Non conservative 

parameter 

Development of 

green canopy 

cover 

Temperature sum to complete 

senescence 

Pfen_stel Non conservative 

parameter 

Development of 

green canopy 

cover 

Temperature sum at 10% canopy cover, 

i.e. stem elongation 

Pfen_flw Non conservative 

parameter 

Flowering Temperature sum to flowering 

Rd_tab_end Input variable Root development Root depth at end of growth  

Rd_tab_ini Input variable Root development Root depth at emergence  

p_tab_end Conservative 

parameter 

Soil water stress Fraction of readily available water at the 

final stage 

p_tab_mid Conservative 

parameter 

Soil water stress Fraction of readily available water at the 

mid stage 

De Input variable Soil water stress initial cumulative depth of evaporation  

p_tab_ini Conservative 

parameter 

Soil water stress readily available water as fraction of 

totally available water at the initial stage 

Dr Input variable Soil water stress initial root zone depletion  

 

The correlation among the results obtained in the different scenarios was much higher 

with SAFYE than for Aquacrop, with an overall TDCC of 0.92. Although values of 

TDCC were generally much higher, similarly to what was found for Aquacrop the 

results of the wet years had a lower correlation (TDCC=0.9) than those of dry years 

(TDCC=0.95). Again, the dry and wet scenarios at Viterbo (TDCC=0.90) were more 

different than at Xiaotangshan (TDCC=0.93) and Yangling (TDCC=0.98).  

Application of EFAST method  
Fig 5 shows the two EFAST Sensitivity indices, calculated for Aquacrop for the three 

locations, for each crop season. The indices represent individual first-order effects, i.e. 

main sensitivity index (Si), and first order plus interactions of higher order with other 

parameters, i.e. the total sensitivity index (STi) on the variance of model output, i.e. 

grain yield. Some differences in the degree of sensitivity to what was found using the 

Morris method are apparent. It should be noted that the Morris sensitivity index µ∗ 

includes both first order effects and interactions, so it should be compared to STi rather 

than to Si. TDCC was computed, to assess the correlation (for common factors) among 

the rankings of * provided by Morris and those of EFAST based on STi
 , revealing 

similarities between the results of the two methods. It was found that the correlation 

between Morris and EFAST results was higher among the dry years for Yangling and 

Viterbo (TDCC respectively of 0.86 and 0.91), whereas for Xiaotangshan it was higher 

in the wet year (0.84) than in the dry year (0.56).  

EFAST revealed that interactions and second order effects were overall very high for 

Aquacrop, as shown by the fact that few factors had strong first order effect, revealed 

by high Si (Fig 5). These included soil water holding properties (field capacity and 

wilting point, fc and pwp) especially at Xiaotangshan and Yangling, in which much 

drier conditions prevailed as compared to Viterbo. The length of the crop cycle (mat) 
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and the maximum effective rooting depth (rtx) had also a quite important first order 

effect. The temperature sum to senescence (sen) had a relevant first order effect only 

for Viterbo. Considering the total sensitivity index (STi), three parameters were found 

to be influential (STi >0.1) across all sites and years. These were the day of sowing 

(dos) and the phenological parameters indicating the growing degree days from sowing 

to maturity (mat) and to senescence (sen). Another important phenological parameter, 

GDD to flowering (flo) was also very influential except for the dry year at 

Xiaotangshan. Soil field capacity (fc) and wilting point (pwp) were influential in all 

scenarios considered except for the wetter year in Viterbo. The maximum effective 

rooting depth (rtx) contributed markedly on the output variance for all sites and years 

except again for the wet year at Viterbo. These results seem to confirm that even in the 

years selected as relatively wet for the other two sites, conditions of crop water stress 

occurred.  

 

Fig 5. EFAST results for Aquacrop. Main Sensitivity index (Si) (left panels) and 

Total Sensitivity index (STi) (right panels), for the three sites, Xiaotanshan (top), 

Yangling (centre) and Viterbo (bottom), for the two wheat growth seasons 

examined (wet years bars are blue and dry years red). Abbreviations of 

parameters and input factors are reported in S1 Table.  

 

Adopting the threshold of the total sensitivity index to identify influential factors (STi 

>0.1), considering the maximum values found across all the scenarios, 4 input 

variables and  13 parameters, of which 5 were conservative, were selected (Table 4).  

 

Table 4. List of factor of the Aquacrop model resulting highly influential on the 

grain yield, according to the main sensitivity index (STi>0.1) from the EFAST 

analysis, ranked from the most to the least influential. 

 
Name of 

parameter or 

input 

variable 

Type Process affected Description 

fc Input variable Soil water stress Soil Water Content at Field Capacity 

dos Input variable all day of sowing  

sen Non conservative 

parameter 

Development of 

green canopy 

cover 

GDD from sowing to start senescence 

flo Non conservative 

parameter 

Flowering GDD from sowing to flowering 

pwp Input variable Soil water stress Soil Water content at Wilting Point  

mat Non conservative 

parameter 

Development of 

green canopy 

cover 

Length of the crop cycle  

rtx Input variable Development of 

root zone 

Maximum effective rooting depth  

hilen Non conservative 

parameter 

Harvest Index Period of Harvest Index build up during 

yield formation starting at flowering  

psen Conservative 

parameter 

Soil water stress  Soil water depletion factor for canopy 

senescence: upper threshold  
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Kex Non conservative 

parameter 

Soil water stress Soil evaporation coefficient for fully wet 

and non-shaded soil surface 

psto Conservative 

parameter 

Soil water stress Soil water depletion fraction for stomatal 

control: upper threshold 

wp Conservative 

parameter 

Crop water 

productivity 

Water productivity normalized for ETo 

and CO2  

hi Non conservative 

parameter 

Harvest Index Reference Harvest Index  

polmn Conservative 

parameter 

Air temperature 

stress 

Minimum air temperature below which 

pollination starts to fail  

cdc4ggd Conservative 

parameter 

Development of 

green canopy 

cover 

CDC for GGD: decrease in canopy cover  

 

However it can be observed that additional parameters had a smaller, but still possibly 

non negligible influence on yield (Fig 6). The correlation (TDCC) among the 

sensitivity analysis results obtained in the different scenarios for Aquacrop was higher 

for EFAST, with a TDCC of 0.71, than for Morris (0.47). Contrarily to what observed 

with the results of Morris, a higher correlation was found among the results of the wet 

years (0.86) than of the dry years (0.65), but also in this case it was found that Viterbo 

(TDCC=0.68) was the site in which the two years were the most different as compared 

to the other two sites (0.89 and 0.93). 

 

Fig 6. First-order and total sensitivity indices estimated by the EFAST method for 

the Aquacrop model. The first part of the bars (dark grey) corresponds to the 

average estimate of the first-order index (Si) over all the sites and scenarios, the 

full bars indicate average estimates of total index (STi), while the lines indicate 

extreme estimates of total indices. 

 

The EFAST results for SAFYE (Fig. 7) revealed that for this model, first order effects 

were relatively more important than for Aquacrop. The similarity between the rankings 

obtained from Morris and EFAST was higher for SAFYE as compared to Aquacrop. 

For SAFYE the TDCC values between the results of the two methods ranged between 

0.83 (Viterbo wet year) to 0.96 (Yangling wet year). Factors showing noticeable 

EFAST main sensitivity index values concerned especially the climatic conversion 

factor from solar radiation to PAR (Pgro_R2P) and the specific leaf area (Pgro_Sla) 

already shown to be very influential from the Morris method. A high total effect on the 

output variance, i.e. including also interactions and second order effects, was shown by 

4 parameters. In addition to Pgro_R2P and Pgro_Sla, these included also the 

parameter regulating the partitioning of biomass to leaves (Pfen_PrtB) and the 

temperature threshold to start senescence (Pfen_SenA). The light extinction coefficient 

in the canopy (Pgro_Kex) was also found to be generally influential, except for the dry 

year in Viterbo and the wet year in Xiaotangshan. The emergence date (Pfen_MrgD) 

was only relevant for the dry year in Xiaotangshan. These different results were 

nevertheless more correlated among them than those of Aquacrop, yielding in this case 

a TDCC of 0.93. For SAFYE the correlation among rankings of STi was roughly 

similar for wet and dry scenarios, with TDCC values of 0.94 and 0.93 respectively. 

Also in this case it was found that the results of Viterbo (TDCC=0.81) were less 

similar among themselves than those of the two other sites (TDCC of 0.98 and 0.97).  
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Fig 7. EFAST results for SAFYE. Main Sensitivity index (Si) (left panels) and 

Total Sensitivity index (STi) (right panels), for the three sites, Xiaotanshan (top), 

Yangling (centre) and Viterbo (bottom), for the two wheat growth seasons 

examined (wet years bars are blue and dry years red). Abbreviations of 

parameters and input factors are reported in S2 Table.  

 

When taking into account the threshold set for considering a factor as influential, 

applied to the maximum STi across all climate and site scenarios, only 5 parameters 

and one input variable were selected (Table 5). The influential factors were the same 

for both dry and wet scenarios, with the exception of Pfen_MrgD which had a strong 

effect on the output variance (STi>0.1) only in the dry year in Xiaotangshan.  

 

Table 5. List of factor of the SAFYE model resulting highly influential on the 

grain yield, according to the main sensitivity index (STi>0.1) from the EFAST 

analysis, ranked from the most to the least influential. 
Name of 

parameter 

or input 

variable 

Type Process affected Description 

Pgro_Sla Conservative 

parameter 

Development of 

green canopy 

cover 

Specific Leaf Area (m2 g-1)   

Pgro_R2P Conservative 

parameter 

Radiation 

environment 

Climatic efficiency: ratio of 

incoming photosynthetically active 

radiation (PAR) to global radiation  

Pfen_SenA Non conservative 

parameter 

Development of 

green canopy 

cover 

Temperature  threshold  to start 

senescence (°C )  

Pfen_PrtB Non conservative 

parameter 

Development of 

green canopy 

cover 

Partition to leaf function parameter 

2 (PLb) 

Pgro_Kex Non conservative 

parameter 

Development of 

green canopy 

cover 

Light extinction coefficient in 

canopy 

Pfen_MrgD Input variable Development of 

green canopy 

cover 

Day of the year of emergence 

 

Other parameters also important were found to be in particular two parameters linked to 

temperature stress (Ptfn_Topt and Ptfn_TpSn) and the light use efficency (Pgro_Lue) 

(Fig. 8). 

 

Fig 8. First-order and total sensitivity indices estimated by the EFAST method for 

the SAFYE model. The first part of the bars (dark grey) corresponds to the 

average estimate of the first-order index (Si) over all the sites and scenarios, the 

full bars indicate average estimates of total indices (STi), while the lines indicate 

extreme estimates of total indices. 

 

Complexity and plasticity of Aquacrop and SAFYE 

The results of the EFAST sensitivity analysis allowed to quantify the complexity and 

the plasticity of Aquacrop and SAFYE. The complexity of these two crop models was 
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measured using the parameter ratio (Rp) (Eq. 9) i.e. the ratio of influential factors over 

the total. The factors, input variables and parameters, that were considered relevant, 

were those which had a total sensitivity index STi greater than the arbitrary threshold 

value fixed at 0.1. For Aquacrop Rp had a value of 0.28, indicating that 28% of the 

factors tested (15 out of 54), i.e. including both parameters and input variables, were 

found to be influential. For SAFYE a lower complexity index Rp of 0.19, was found, 

since 6 factors out of the 31 tested were found to be influential. 

The plasticity of the models was calculated by the index L (eq. 9). This index is 

obtained from the combination of the TDCC, expressing the correlation among rankings 

of the total sensitivity index STi in the different scenarios, with the standard deviation 

of the agrometeorological indicator SAM, expressing the variability of the 

environmental conditions. The results are summarized in Table 6, which shows that all 

the scenarios employed in this study were characterized by an evapotranspiration 

deficit, as testified by the SAM values lower than zero. The largest variability in the 

climatic conditions between the dry and wet years occurred at Viterbo and the lowest at 

Yangling. In general, the climatic variability across sites was higher among the wet 

years than among the dry years.  

 

Table 6. Synthesis of the assessment of the plasticity of the SAFYE and Aquacrop 

models. The plasticity index L is calculated according to Eq. 9 from the normalized 

synthetic agrometeorological indicator (SAM) (eq. 12) and its standard deviation 

SAM and the top-down concordance coefficient (TDCC) (eq. 11). 

  
SAM SAM 

  TDCC   L 

    SAFYE Aquacrop   SAFYE Aquacrop 

Site 
  

      Xiaotanshan -0.17 0.18 

 

0.98 0.89 

 

0.43 0.39 

Yangling -0.34 0.15 

 

0.97 0.93 

 

0.41 0.40 

Viterbo -0.02 0.26 

 

0.81 0.68 

 

0.38 0.32 

         Year 

        wet -0.04 0.20 

 

0.94 0.86 

 

0.42 0.39 

dry -0.32 0.12 

 

0.93 0.65 

 

0.39 0.27 

         Total -0.18 0.21   0.93 0.71   0.42 0.32 

 

As described in the previous sections, the TDCC, expressing the correlation between 

rankings of the total sensitivity index STi among different scenarios, was always higher 

for SAFYE than for Aquacrop. This meant that a higher plasticity, indicated by lower L 

values, was always found for the latter model. The largest differences between the two 

models in terms of TDCC values, and hence of L, were found between the two years at 

Viterbo and among the three scenarios of the dry years, where the Aquacrop model 

demonstrated a much higher plasticity than SAFYE.  
 

Discussion 

The results obtained in this study, performed using a contrasting range of water 

limited climatic scenarios of very different winter wheat growing areas, allowed to 

obtain useful information on the  sensitivity and plasticity of two models, SAFYE and 
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Aquacrop, increasingly used in regional scale studies [14, 24, 26, 48-51]. In these 

conditions, there is typically greater uncertainty on parameters and input factors, as 

compared to field based application of crop models. Therefore it is important to know 

on which factors data collection and calibration efforts should concentrate. Global 

sensitivity analysis is considered as the state of the art technique for such purpose [28]. 

It is well known that the results of sensitivity analysis studies depend on to the 

"boundary conditions" chosen [52]. In this specific case, these conditions are the climate 

dataset, actual data from three different sites, and the range of variation of parameters 

and input variables. The range of variation of these factors was chosen to be the same 

for all the tests of a given model and, as much as possible, a similar (or the same) range 

of variation was adopted for analogous factors of the two models. This was done in 

order to reduce the variability of the boundary conditions of the SA and provide some 

possible element of comparison between the models. The climatic conditions are 

therefore the only variables that differentiate the scenarios between the sites. Thus it is 

possible to distinguish more simply if the parameters are always influential or always 

negligible, with similar degrees of influence for any scenario, or if their degree of 

influence varies with the climatic dataset. The climatic data using in this study were 

chosen not to be representative of all the possible wheat growing areas, but only of 

situations of moderate to strong water deficit, since the main interest was that of 

providing tools for the assessment of the impact of such conditions on wheat yield, at 

the regional scale. Thus the results of this study could be only valid for similar climatic 

scenarios, which nevertheless characterize quite a large extent of the wheat growing 

areas. The overall value of the SAM, as reported in Table 6, indicates that the variability 

among the climatic scenarios used in the present work was very high, being higher for 

instance than the overall value of the dataset used by [44] which included locations all 

over Europe (e.g. from Ukraine to Greece) for 10 years.  

The different climatic scenarios led to differences in the ranking of the sensitivity of the 

two models for both GSA techniques, Morris and EFAST. It is to be expected that the 

most important factors can differ between climatic scenarios, since for example, a 

parameter that determines the effect of water stress will be important in situations where 

there is actually water stress, but not where water is non-limiting. This is an important 

aspect that affect the results of all sensitivity analysis studies [52]. However, some 

common patterns do appear, allowing to classify groups of parameters as influential or 

negligible, even in highly contrasting climatic scenarios, as illustrated in our study. We 

used an objective measure, the top down correlation coefficient (TDCC) to assess the 

agreement among the ranking of factors assessed across different climates. It was found 

that the correlations (TDCC values) were always statistically significant (P<0.01), using 

the methodology to testing its significance reported by Confalonieri et al. [44]. The 

correlation of the results of the two EFAST rankings of the wet and dry years in a given 

location ranged between 0.68, for Aquacrop in Viterbo, to 0.98, for SAFYE in 

Xiaotangshan (Table 6). The correlation among rankings across sites ranged from 0.65 

for Aquacrop in the dry years, to 0.94 for SAFYE in the wet years. Overall, it emerged a 

clear picture, showing that SAFYE had a lower plasticity than Aquacrop, for which the 

sensitivity analysis results were more affected by the differences in the climatic 

scenarios.  

The impact or the climate scenarios on the sensitivity analysis results, as quantified by 

the TDCC values, was much higher for Morris than for EFAST, thus the latter was 

confirmed to be a more robust method [29, 40], providing more stable rankings of the 

sensitivity index across scenarios. The overall TDCC (across all years and sites) was 

0.47 for Aquacrop with Morris and 0.71 for EFAST, for SAFYE it was 0.92 with 

Morris and 0.93 with EFAST. The agreement between the rankings of the sensitivity 
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indices obtained with the two methods, respectively * and STi, for the same set of 

parameters (i.e. only those in both analyses), was further assessed by using the TDCC 

across methods for each scenario. It emerged, as also illustrated by comparing Fig 3 

with Fig 5 and Fig 4 with Fig 6, that some agreement existed between the rankings of 

the Morris and EFAST methods. The TDCC varied between a minimum of 0.56 for the 

dry year at Xiaotangshan to a maximum of 0.96 for SAFYE in the wet year at the 

Yangling site. On average the agreement between the rankings of the two methods was 

higher for SAFYE, with a mean TDCC of 0.91, than for Aquacrop which had a mean 

TDCC of 0.74. 

However, it should be noted that it can expected that the rankings obtained by using the 

Morris method are not stable. As illustrated by [9], a much higher number of trajectories 

than the 25 used in this study, would be required to have more stable results, possibly 

more than 400, making the computing excessively time consuming. For these reasons, 

the Morris method, as reported by [9] and [40], can only be considered useful for 

screening out negligible factors, whereas its sensitivity rankings can only be considered 

as qualitative and not quantitative.  

In this context, with reference to the Aquacrop model, the set of negligible parameters, 

identified in this study by the Morris method, coincides almost completely with the one 

identified by Vanyutrecht et al. [9]. The most notable differences concern the soil curve 

number (CN) and the shape factor for water stress coefficient inducing early senescence 

(psenshp), which were classified as negligible in the present study, whereas they were 

found to be very influential by [9]. The CN is used by Aquacrop for the estimation of 

the amount of rainfall lost by surface runoff [38], so it is understandable to have had a 

limited impact, in the water limited situations of the scenarios used in the present study. 

In Aquacrop the shape of the water stress coefficient curve can be selected as linear or 

concave by changing psenshp. As observed by [9], shape parameters are highly 

intertwined with the critical level parameters of the stress coefficients. However, the 

former have no physical 

meaning, whereas the latter have physical sense and can more easily be calibrated. In 

our case the parameter regulating the specific stress coefficient, i.e. soil water depletion 

threshold for triggering early canopy senescence (psen), was found to be very 

influential, similarly to what found by [9].  

The set of Aquacrop negligible parameters listed in Table 2 have, in all the scenarios 

tested in the present study, a limited impact on the variation of the output, so it is 

possible to exclude them from calibration or assimilation methods, or sensitivity 

analysis for climatic scenarios similar to those analyzed in this study.  

For SAFYE, the results of the Morris method indicated very clearly that all the 

parameters and input factors describing the water balance and related stress function, 

introduced into the original SAFY model (to turn it into SAFYE), were negligible, 

except for soil moisture at field capacity and wilting point (Table 3). The latter two 

parameters, however, were not in the top ranking of the EFAST analysis (Fig. 8). The 

implication of this finding could be that, if the purpose of the study is only the 

assessment of wheat yield, even in conditions of severe water stress the original SAFY 

model could be appropriate. Indeed it would be even a better choice than SAFYE, since 

it relies on a more limited number of parameters and input factors. If, on the contrary, 

information is sought on the incidence and patterns of water stress, separately from 

other stress factors (e.g. nitrogen), SAFYE should be preferred, though a simplification 

of its water stress components could be suggested. 

In agreement with the literature [9, 52], the results of this study suggest confirm that the 

application of the Morris method proved to be efficient for the identification of the 

negligible parameters, but not equally so for the classification of the parameters' 
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sensitivity. Looking at the ranking of the parameters with respect to the Morris * (Fig 3 

and 4) it is possible to note that the weather conditions had a more significant effect 

than for EFAST (Fig 5 and 6), as confirmed by the higher TDCC of the former tests. 

The ranking of parameters sensitivity is expected to be more reliable for EFAST, as 

previously mentioned, since the TDCC values across sites and years were much higher 

than for Morris. For both models it was possible to establish a set of influential 

parameters for all considered scenarios (Tables 4 and 5). EFAST allowed also to 

discriminate the effect of first order effects of single factors from second order effects 

and interactions on the output variance, revealing interesting difference among the 

models. 

For Aquacrop it was found that very few factors had a strong first order effect, so that 

their impact on the grain yield was mainly due to second order effects and interactions 

with other parameters (Fig. 6), revealing a rather complex model behavior. A higher 

predominance of first order effects was found by [9], however with different crop 

species and with more diversified climate scenarios from those we used, possibly 

highlighting more clearly first order effects. For SAFYE first order effects had a 

stronger impact on yield variance (Fig. 8).  

The ranking of the total sensitivity index for Aquacrop (Fig. 6) was different from the 

one obtained by [9], since as mentioned earlier, this reflects the relative importance of 

specific factors addressing processes occurring in the different climatic scenarios. In our 

case, the factors that had the highest impact on yield variance were mainly those related 

to water stress as well as phenological parameters regulating the development of the 

green canopy cover. 

For SAFYE, the most influential factors were those related to the development of leaf 

area and leaf biomass. This would confirm that, in this model, the impact of water stress 

on crop yield is modeled indirectly from its impact on LAI, rather than explicitly 

through the water stress parameters introduced into the original SAFY model.  

For both models used, Aquacrop and SAFY, it appeared that the parameters describing 

the phenological cycle of the crop played a decisive influence on the estimation of crop 

yield, being influential for both models. The coincidence between phenological stages 

and periods of the year with certain temperature and rainfall seems to be among the 

causes that most affect the variation in model output, especially for Aquacrop.  

From the literature [44] it is known that choices made on the ranges of parameters and 

input variables influence the ranking of the sensitivity indices. For both Aquacrop and 

SAFYE these ranges were chosen after a careful inspection of the literature (S1 Table 

and S2 Table), within physically plausible ranges, expected to be found when the 

models are applied to regional scale studies. In this case, it is important to include also 

input variables in the SA, in addition to model parameters, because it is interesting to 

know, especially in a regional scale model application, what is their impact on the 

output. Many authors have made it clear that SA should not be necessarily strictly 

limited to parameters, but can also include input variables (see e.g. Wallach et al. [16] 

or Saltelli et al. [28]). 

For Aquacrop we decided to test in the SA also conservative parameters [38], that are 

supposed to be fixed for a given species. Actually, the calibration results of different 

studies on wheat [7-8, 10-12] suggest that even for these parameters a limited range of 

variation is needed, thus we adopted for these parameters a range resulting from the 

values used these studies (with a maximum of ±33%), including them in the SA, as also 

done by Vanuytrecht et al. [9]. 

As expected, the SA carried out for Aquacrop was more complex than that done for 

SAFYE. Aquacrop describes more accurately than SAFYE the crop growth processes, 

using a higher number of equations and input variables. Therefore the SA performed for 
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the former model had a much higher computational cost than for the latter. Using a 

computer with a Intel(R) Core(TM) i7-4770 CPU processor at 3.40 GHz, and 16 GB of 

RAM, the computation time for applying EFAST to Aquacrop was in the order of 

hours, while for SAFYE in the order of minutes. SA is a step required for any 

application of assimilation or calibration, thus the computational cost could be a factor 

that affects the choice of the model to use.  

The SA carried out by this study allowed to calculate the plasticity and the complexity 

of the two crop models. Both complexity and plasticity were found to be higher for 

Aquacrop than for SAFYE (Table 6). The plasticity quantifies how much the climatic 

conditions change the influence of specific groups of parameters on the output. 

Confalonieri et al. [44], in a comparison of three crop models, found that the model 

having the highest complexity (WOFOST) was the one with the highest plasticity, but 

also the lowest robustness. They considered that a high value of plasticity was a positive 

aspect for a crop model, since it reflects its capability to change behavior in response to 

diverse environmental conditions, seeming to reflect the phenotypic plasticity typical of 

crops. However, in the context of data assimilation, or of applications of crop models at 

a regional scale, a high plasticity would be a nuisance, since it would not allow to 

clearly identify for which parameters the effort to reduce their uncertainty needs to be 

focused. A high plasticity would limit the generalization capability of a crop model, 

strengthening the need for site-specific calibrations and sensitivity analyses. In the 

present work, the plasticity for Aquacrop (L=0.32) was even higher than that found by 

[44] for the model having the highest plasticity among those tested, i.e. WOFOST 

(L=0.37). Instead, SAFYE had a lower plasticity, with an L of 0.42, i.e. intermediate 

between that of the models Cropsyst (L=0.40) and WARM (L=0.44).   

 

Conclusions 
 

The results reported in this study contribute to the knowledge on the behavior, in water 

limited climatic scenarios, of two models, Aquacrop and SAFY, increasingly used for 

large scale studies [14, 24, 26, 48-51]. Under these contexts, higher uncertainties exist 

on the values of parameters and input factors needed to run these models, as compared 

to more usual field based applications of crop models. In the case of large scale 

applications, it is very useful to know, not only the sensitivity of the targeted model 

outputs, grain yield in our case, to the parameters and input variables, but also model 

complexity and plasticity. Sensitivity analysis results could provide guidance on the 

data gathering and calibration efforts, but the knowledge of complexity and plasticity 

could even provide elements on the choice of the most suitable model, based on the 

information available and on the processes that need to be described.  

In our case, it was apparent that Aquacrop, despite being simpler than most other crop 

models, is nevertheless more complex than SAFYE and it has also a higher plasticity. 

The implications would be that in a regional scale application of Aquacrop, more 

attention should be paid to its calibration than for SAFYE, which has a smaller number 

of influential factors. Furthermore, given the higher plasticity of Aquacrop, it would be 

advisable, more than for SAFYE, to carry out a preliminary sensitivity analysis, in case 

the scenario in which it would be used differs markedly from those of sensitivity 

studies reported in the literature. The present study employed quite a diversified range 

of climatic scenarios, characterized by moderate to severe water stress, so the results 

should valid for similar situations.   

SAFYE was found to be less complex and with lower plasticity than Aquacrop. It was 

found that the parameters that were added to the original SAFY model, to include 
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water balance and crop water stress processes, were mostly negligible, with the notable 

exception of soil moisture at field capacity and wilting point. This suggest that a 

simplification of the description of these processes in SAFYE could be made. The 

limited number of parameters and the lower plasticity, makes this model perhaps more 

suitable than Aquacrop to large scale applications, whenever limited information on 

the input variables is available and an estimate of crop yield is the only information 

sought. However it should be mentioned that this advantage is counterbalanced by the 

fact that this model would lack the ability of providing insight on the processes that 

contributed to yield reduction, that would only be made clear by models incorporating 

the description of influence of the different abiotic (or even biotic) stress factors on 

crop growth.  
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S1 Fig. Simulated and measured above ground biomass, grain yield and LAI for 

the Xiaotangshan winter wheat dataset [23] with different sowing dates in 

the years 2008-2011. Lines are data simulated with the SAFYE model, points 

are field measurements. 
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indicated. 
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ABSTRACT 

The aim of this work was to develop a tool to evaluate 
the effect of water stress on yield losses at the farmland 
and regional scale, by assimilating remotely sensed 
biophysical variables into crop growth models. 
Biophysical variables were retrieved from HJ1A, HJ1B 
and Landsat 8 images, using an algorithm based on the 
training of artificial neural networks on PROSAIL.  
For the assimilation, two crop models of differing 
degree of complexity were used: Aquacrop and SAFY.  
For Aquacrop, an optimization procedure to reduce the 
difference between the remotely sensed and simulated 
CC was developed. For the modified version of SAFY, 
the assimilation procedure was based on the Ensemble 
Kalman Filter.  
These procedures were tested in a spatialized 
application, by using data collected in the rural area of 
Yangling (Shaanxi Province) between 2013 and 
2015Results were validated by utilizing yield data both 
from ground measurements and statistical survey. 
 
1. INTRODUCTION 

Assimilation of biophysical variables retrieved from 
remote sensing into dynamic process-based crop water 
response models is a promising methodology for the 
assessment of drought impact on crops, suitable for high 
spatial and temporal resolution applications [1]. In 
particular such methodology allows to estimate yield 
losses resulting from the occurrence of drought, 
provided that the crop models used do take into account 
the relevant crop physiological processes occurring 
during water stress. The models suitable to study the 
impact of drought on crops should simulate crop growth 
taking into account factors such as the availability of 
soil water and its impact on crop evapotraspiration.  
For operational assimilation schemes, a balance must be 
found between the accurate description of processes 
leading to very complex crop models with hundreds of 
parameters and input variables and simpler models, with 
a more coarse or empirical description of the relevant 
processes [2]. The former are usually more difficult to 
manage during assimilation, the latter could be more 
suitable operationally, with less uncertainty introduced 

during parameterization, but could be less accurate.  
In the context of  Sino-European Dragon-3 program 
funded by ESA and the Ministry of Science and 
Technology (MOST) of the P.R. China, the "Farmland 
Drought" project dealt with the development of crop 
variables assimilation schemes and their validation at 
the farmland scale for a test site in China. The work 
developed in this context focused on the application of a 
methodology of assimilation of biophysical variables 
into two crop models of different complexity and the 
comparison of validation results for a rural area in the 
Province of Shaanxi. 

2. STUDY AREA AND MATERIALS  

2.1 In situ data 
The study site used in this work is located in the rural 
area of Yangling, in the Province of Shaanxi, Central 
China.   
The experimental site is characterized by a semi-arid 
climate with a long term average rainfall of 573 mm per 
year, a minimum temperature of -4°C in winter and a 
maximum temperature of 35°C. The climatic data sets 
included three growth seasons, from October 2012 to 
June 2014 and consisted of  rainfall, temperatures 
(mean, maxima and minima), relative humidity and 
wind speed. The crop considered in this study is winter 
wheat, the main crop of the study area. Field 
measurements were carried out from March to June for 
each crop season. The details of field measurements are 
shown in Tab. 1. 
 
Table 1. Field measurements of LAI (L), biomass (b) 
and yield (y) conducted in Yangling from 2013 to 2015. 
n. pts are the number of sample fields.  

Year 
n. 
pts 

March April May June  

2013 49 
30 Mar 27 Apr  1 Jun     

L, b L, b b,y 

2014 35 
5 Mar,  
28 Mar  

22 Apr, 
27Apr    

16 
May           9 Jun     

L, b L, b L, b b,y 

2015 28 
27 Mar 25 Apr 5 Jun    

L, b L,b  b,y 
They consisted of observations in 28 to 49 points 



 

 
 

(different for each season), distributed in different wheat 
fields. Information about the soil properties, or winter 
wheat variety, or sowing date was not available.  
 
2.2 Remote sensing data 
The remote sensing data set consists of several images 
acquired by Landsat 8, HJ1A and HJ1B, during the 
three crop cycles (Tab. 2).  
 
Table 2. Remote Sensing data set for Yangling, 2013-
2016 crop cycles 

Year Month Day Satellite 

2013 March 5 HJ1B 
2013 March 28 HJ1B 
2013 April 26 HJ1A 
2013 May 11 HJ1A 
2014 March 15 Landsat8 
2014 April 7 HJ1A 
2014 April 29 HJ1A 
2014 May 20 Landsa8 
2015 Febrary 23 Landsat8 
2015 March 29 HJ1A 
2015 April 28 HJ1B 

 
Images acquired by Landsat 8 were provided by the 
United States Geological Survey with  atmospheric and 
geographical correction, as reflectance values. Images 
acquired by HJ were corrected geographically 
identifying a series of ground control points on the map 
and warping the images. The HJ data were converted 
from Digital Number (DN) to radiance using the 
coefficients provided in the metadata. Once the image 
data were converted into radiance, atmospheric 
correction was performed using the FLAASH 
atmospheric correction module in ENVI (Harris, FL, 
USA). A winter middle latitude atmospheric model was 
used for images acquired between January and March, 
while a summer middle latitude model was used for 
images acquired between April and June. The selected 
aerosol model was rural with no aerosol retrieval and an 
initial visibility between 20 km and 40 km, depending 
on the image. 
    
3. METHODS 

In order to obtain an estimation of yield and to evaluate 
the effect of drought, two crop growth models were 
chosen among those able to correctly represent crop 
response to water stress and suitable for regional scale 
applications.  We compared two models with respect to 
three different criteria: complexity, plasticity and 
accuracy. Subsequently the assimilation of biophysical 
variables retrieved from remote sensing was carried out, 
validating the simulated yield with point field 
measurements. Yield values were also compared with 
those published by the National Bureau of Statistics of 
the People's Republic of China.  

 
3.1 Crop Models 
The two models considered are Aquacrop [3] and 
SAFY, the Simple Algorithm For Yield [4].  Aquacrop 
is a "water driven" productivity model that simulates 
Canopy Cover (CC), biomass and yield of a crop mainly 
as a function of the water productivity, i.e. the biomass 
produced per unit of water transpired by the vegetation 
[3].A more detailed explanation about how the 
Aquacrop model works is presented by Raes et al. 
(2009) [5]. SAFY is based on the Monteith concept [6], 
which links the production of total dry phytomass to the 
photosynthetically active portion of solar radiation 
(PAR) absorbed by the crop. A detailed description of 
SAFY was presented by [4]. In this work a modified 
version of SAFY was used, introducing a dependence of 
biomass yield on crop water stress, as described by the 
FAO irrigation and drainage paper n. 56 [7].  
 
3.2 Comparison Criteria: Complexity, Plasticity and 
Accuracy 
Complexity is the parsimony of the model in 
representing the biophysical system, it gives 
information about amount and relevance of model 
parameters [8].  In this study it is evaluated using as 
sample index the proportion of relevant parameters (S) 
over all total number of model parameters (T): 

         (1) 

Plasticity is the tendency of the model to change its 
behaviour when employed in different conditions[9]. 
Changes in model behaviour can be quantified using 
an indicator of model plasticity (L): 

                                   (2)                                                                           
where TDCC is the top-down concordance 

coefficient and SAM is the standard deviation of the 
normalized agrometeorological indicator. 

Accuracy is the ability of the model to fit reference 
measured data [10], in this case the yield, using root 
mean square error (RMSE) as a sample index.  The 
accuracy of the model is evaluated by measuring the 
RMSE between yield measured in the field and that 
estimated by the models. It has been reported ([11],  [4]) 
that the accuracy of Aquacrop is higher than SAFY, but 
additional considerations apply for an application at a 
regional scale. 

     
3.3 Global Sensitivity Analysis 
Most assimilation methods update the parameters on 

the basis of observations of the state variables. For 
computational requirements the number of parameters 
should be limited. Sensitivity analysis can help to 
identify the parameters that most affect the output of the 
model. We used a combination of two different Global 
Sensitivity Analysis (GSA) methods: Morris and 
EFAST ([9]; [12] ). The first is a screening method and 
it is used to identify negligible parameters, taking 



 

 
 

advantage of its high computational speed. In this way, 
negligible parameters were excluded from the SA 
performed with the second method, in order to reduce 
its running time.  EFAST is a variance based method, its 
accuracy is higher than Morris and using a reduced set 
of parameters the computational time is reduced, 
balancing accuracy and running speed. The SA is also 
useful to quantify the complexity and the plasticity of 
the models 

 
3.4 Estimation of LAI and Canopy Cover 
LAI and Canopy Cover were calculated using the 
algorithm developed by Baret et al. (2006) [13] which is 
based on the training of artificial neural networks 
(ANN) over a data base simulated using radiative 
transfer models. A coupling of PROSPECT and SAIL 
models [14]  was adopted to simulate the reflectance 
spectra of vegetation, in this case winter wheat.  
A wide range of  possible canopy scenarios are 
described by the combination of 14 parameters which 
relate to canopy, leaves, soil and observation geometry. 
Selecting and sampling the range for each parameters, 
the model PROSAIL generates a sufficient number of 
simulation (in this study 41472) to describe all expected 
scenarios.     
The set of simulated reflectance is resampled according 
to the characteristics of the used sensor, then it is 
divided in two parts, one of them with the purpose of 
training ANNs and the other to evaluate the theoretical 
performance. 
To make the simulations more realistic and reduce the 
ANN training hyper-specialization, a Gaussian noise 
error is added on the basis of an additive and 
multiplicative model. After the training of the neural 
networks, the coefficients and bias are stored to be used 
later in the estimation of variables LAI, FAPAR and 
FCOVER from reflectance observed values.  
 
3.5 Ensemble Kalman Filter Assimilation on SAFY 
In order to improve the accuracy of SAFY for 
simulating Yield, an EnKF based assimilation method 
was adopted [1]. The first step of this method is the 
individuation of main parameters, as previously done by 
means of the SA. The ranking of the most important 
parameters (and relative range of variation) is shown in 
Tab. 3.  
 
Table 3. List of the most influential parameters of the 
SAFY model, as detected by the SA, allowed to vary 
during the assimilation. 
 
 

 Parameter Min Max Desctiption 

Pgro_R2P 0.7 0.9 

Climatic efficiency: ratio of 
incoming photosynthetically 
active radiation (PAR) to 
global radiation  

Pgro_Lue 1.75 1.95 

Effective light-use 
efficiency: ratio of energy 
produced as DAM from 
APAR (g.MJ-1) 

Pgro_P2G 0.0098 0.012 Partition coefficient to grain 

Pfen_MrgD 288 300 
Day of the year of 
emergence 

Pfen_PrtA 0.16 0.2 
Make vary the origin and 
slope of the partitioning 
function   

Pfen_SenA 1260 1540 
Temperature  threshold  to 
start senescence (°C)  

Ptfn_Topt 20 22 
Optimum temperature for 
plant development (°C) 

Da 1.35 1.55 Soil bulk density (g cm-3) 

SMT_sen 2070 2530 GDD to complete senescence 

 
All the model parameters were calibrated using, as a 
reference, 5 points of the measurement field campaign 
of Yangling 2013. Even the parameters that vary in the 
assimilation were initially calibrated in this way. The 
calibrated values are used as mean values of the range in 
which the parameters vary, the minimum and maximum 
of the ranges are chosen arbitrarily in a surrounding of 
the mean value. It is possible to divide the assimilation 
algorithm into the following steps: 

1) The algorithm generates an ensemble of  N (in 
this case N=100) values of parameters Pp  

                                                                                
                                           

where: 
j  
N= number of ensemble elements (100 in this 
case) 
k= number of parameters  =error drawn from 
N(0, )  

2) Running SAFY in order to obtain N values of 
LAI  for the first observation date with the 
addition of an error   

3) The algorithm generates an ensemble of N 
observations from RS data:   
 
 
where M is the set of state variables 
measurements, ti is the index in the temporal 

from 
N(0, )

4) Calculating the Kalman gain (using the 
covariance matrix)  

 

(3) 

(4) 



 

 
 

      
5) Application of the Kalman filter to obtain a 

corrected LAI and parameters values estimated  
6) Replacement of LAI simulated with the LAI 

calculated at the previous step, and further 
running of the model.  

7) At each observation date repeat from step 3). 
When the last observation has been assimilated 
SAFY runs to the end and outputs the yield .  

 
 
3.6 Optimization method on Aquacrop 
Aquacrop is a water-driven crop growth model, for this 
reason it is linked with water balance and the yield 
simulated by this model is strongly influenced by water 
stress. These characteristics make it suitable to describe 
the links between drought and yield. Another advantage 
of Aquacrop is the use of CC as a main state variable 
which turns out to be estimated more accurately than 
LAI from remote sensing. The problems related to 
Aquacrop are mainly due to its complexity and the 
unavailability of the code to the scientific community. 
For these two reasons it was not possible to perform an 
updating assimilation of the state variable (as done for 
SAFY). The assimilation method employed was based 
on the recalibration, through a numerical optimization 
technique (simplex method), of a limited set of 
parameters chosen according to the sensitivity analysis 
study. The first 4 steps of this algorithm are the same of 
the previous used with SAFY, the difference is at the 
fifth step, the simplex optimization method is applied. 
This method finds the best parameters which minimize 
the following function: 

 
 

 
 
where: 
MSE = Mean Square Error 
n = numbers of parameters 
CCs = simulated Canopy Cover  
CCm= measured Canopy Cover 
 
3.7 Regional Scale Application  
The application at the regional scale was done for the 
winter wheat growth cycle of Yangling of 2013 and 
2014. We chose these two years because it was possible 
to validate the results with official yield data made 
available by the Shaanxi Provincial Bureau of Statistics 
and the National Bureau of Statistics of the People's 
Republic of China. 
For each year the biophysical variables were assimilated 
using the values retrieved from 3 images acquired 
between March and May. For each image, only the 
wheat fields included in the rural area of Yangling were 
considered. To identify the pixels in which wheat is 
present, 5 images acquired between February and June 
(one for each month)  have been used.  The images were 

converted into LAI maps through the PROSAIL-ANN 
algorithm. The pixels of each image have been 
considered wheat if the following conditions were true: 

- LAI of the 1st date smaller than LAI of 2nd date 
and this latter smaller than LAI of 3rd date 

- LAI of  3rd date higher than 4  
- LAI of 4th date higher than 3.5 
- LAI of 5th  date smaller than 0.5 (after 

harvesting)  
 After the application of a mask to limit the assimilation 
only to wheat fields, each image map contained 
approximately 600000 pixels, which made a pixel-by-
pixel assimilation not feasible. To reduce the 
computational cost of the algorithm, a classification of 
the pixels based on the LAI of the images that were 
used in the assimilation was employed. The images 
values of LAI were rounded at the first decimal place, if 
the number in that place was odd, it was rounded at the 
nearest lower even number. In this way the range 
between the minimum and maximum value of LAI was 
divided into steps of 0.2. The total number of classes is 
the product of the number of steps between the 
minimum feature value of LAI for each image and the 
maximum.  Each class is defined by the combination of 
3 numbers, 0.2 multiples, belonging to the range min 
LAI-max LAI of each image. In this way, after running 
the algorithm for all the combination of LAI, it is 
possible to assign a value of yield at each class. 
Classifying the points of map at each pixel the 
corresponding yield value was assigned. In this way it 
was possible to obtain yield maps of the region.  
 
4. RESULTS AND DISCUSSION 

4.1 Complexity and Plasticity results 
The complexity of the two crop models tested was 
quantified using the parameter ratio (Rp). The 
parameters were considered relevant if the sum of 
EFAST Sensitivity indices was greater than an arbitrary 
threshold value fixed at 0.15. This value was set 
exclusively to quantify and compare the complexity of 
Aquacrop and SAFY. It resulted that the Rp for 
Aquacrop was 0.11, indicating that the relevant 
parameters were on average 11% of the total, while for 
SAFY a Rp value of 0.08 was obtained. The complexity 
of Aquacrop resulted to be higher than SAFY, i.e. the 
former uses a higher number of equations and input 
parameters than the latter, making the calibration more 
complex and the running time longer. 
The plasticity of Aquacrop and SAFY was assessed by 
calculating the L index. It was found that SAFY has a 
plasticity index (L) of 0.169 while the L index for 
Aquacrop is 0.299. This means that SAFY has a higher 
plasticity than Aquacrop (L ranges from 0 to about 1.51, 
with the highest plasticity at 0).  The plasticity 
quantifies how much the climatic conditions change the 
influence of specific groups of parameters on the output. 
A high plasticity would limit the generalization 

(6) 



 

 
 

capability of a crop model, strengthening the need for 
site-specific calibrations and sensitivity analyses.   
 
4.2 LAI and Canopy Cover validation 
The ANN algorithm which use for  training the 
simulation done by PROSAIL model [12]  was applied 
on several images acquired by HJ1A, HJ1B and Landsat 
8 (Tab. 2) in 3 years (2013-2015) from March to May of 
each years. This procedure allowed to obtain the LAI 
and Canopy Cover maps for the area of interest, which 
were compared to field measurements for validation.   
 

 
Figure 1. Validation results for the retrieval of LAI from 
HJ1A, HJ1B and Landsat 8 images, using field 
measurements of 3 years in Yangling rural area.  
 
In Fig. 1 the comparison between LAI retrieved from 
the satellite images, by the PROSAIL-ANN algorithm, 
and the LAI measured in field campaigns is shown. The 
results indicate that the algorithm tends to underestimate 
the value of LAI compared to the field measurements, 
especially for the  2013 images. This depends on the 
quality of the images. The region of interest is strongly 
characterized by the presence of clouds and fog, so the 
probability for acquiring clear image is very low. The 
atmospheric correction for these images is fundamental 
and it strongly influences the results.       
The estimation error is greater for higher values of LAI. 
In fact for LAI between 0 and 2 the difference between 
estimates and measures is low (Fig.1). Between 3 to 4 
there is the highest error, for LAI values higher than 4 
the error between simulations and measurements is 
lower again. The total relative root mean squared error 
(RRMSE) was of  0.29 %. 
Fig. 2 shows the results obtained for Canopy Cover. The 
field measured LAI values were converted into Canopy 
Cover using the relationship between CC and LAI for 
wheat proposed by by Nielsen et al. (2011) [15]:  

                              (7) 

In this case the RRMSE was lower than for LAI, i.e. 
10% against 29% for LAI. Saturation issues affects less 
the estimation of CC. So the use of CC would be  
 

 
Figure 2. Validation results for the retrieval of canopy 
cover (CC) from HJ1A, HJ1B and Landsat 8 images, 
using field measurements of 3 years in Yangling rural 
area. The field measured LAI was converted into CC 
using the equation proposed by Nielsen et al. (2011) 
 
preferable as a biophysical variable to be used in the 
assimilation. 
These validation results provided information on the 
estimation error of the observed biophysical variables, 
which was considered during the assimilation. 
 
4.3 Point application of EnKF Assimilation: 
comparison of two different models   
 
   As described in the paragraphs 3.5 and 3.6, the 
inaccessibility of the Aquacrop code did not permit the 
application of  an  updating assimilation method, as for 
SAFY, but it obliged to use an optimization method. 
The assimilation has been applied on the points where 
the field measurements were carried out, in this way it 
was possible to test the two different methods, 
comparing their accuracy after the assimilation and their 
performances.  
In Fig. 3 the accuracy of the yield estimates obtained 
after the assimilation are shown for SAFY and 
Aquacrop.  
There was a considerable difference in the 
computational time. In fact, using a PC with an Intel 
Core i7-4770 CPU at 3.4 GHz, for the optimization 
method with Aquacrop it was of around 40 minutes for 
each simulated data point, against the 30 seconds of the 
EnKF with SAFY.  
For these reasons, whilst  the EnKF-SAFY method was 
applied at every field measurements points (for 3 
different years), the Aquacrop optimization algorithm 
was applied only to a limited sample of points (Fig. 3b). 
Considering only the points analyzed with the Aquacrop 
optimization method,  the RRMSE for the EnKF-SAFY 
method was lower to 15.3%.  Therefore the accuracy of 
EnKF-SAFY method for a limited sample of points is 
higher, albeit only slightly, than that of Aquacrop 
optimization method. 
 



 

 
 

 
 
Figure  2.  Point application:  a) Comparison between 
Measured and SAFY_EnKF Simulated Yield. b) 
Comparison between Measured and Aquacrop 
Optimization Simulated Yield.   
 
 
 4.4 Regional scale application results 
The spatialised application of the assimilation was 
carried out only for SAFY, because of the above 
mentioned computational constraints with Aquacrop.  
Fig. 4 shows the Yangling winter wheat yield maps 
estimated for 2013 and 2014.   
The mean yield calculated for 2013 was 5.395 t ha-1, 
whereas the valued provided by the Shaanxi Provincial 
Bureau of Statistics was 5.495 t ha-1.  
For 2014, the mean yield estimated was 6.2244 t ha-1, 
while the value published by National Bureau of 
Satatistics of the People's Republic of China was 6.13  
t ha-1. The estimates obtained with SAFY highlight 
lower yields in 2013 as compared to 2014, in line with  
official statistics. The yield estimation error of the 
EnKF with SAFY for the punctual application was 
around 17% and it is confirmed by the regional 
application, where for the 2013 it was about 18% and 
for 2014 about 16%.   
The 2013 growth season was characterized by low 
rainfall between October (the month of sowing) and 
May (senescence period) and by low temperature in 
winter, particularly between December and January, 
when temperatures were always below zero. The yield 

in 2013 was around the 13% lower than 2014. This 
yield loss could be thus explained by low winter 
temperatures and water stress.  
 

 
Figure 3. Wheat yield map for Yangling estimated using 
the EnKF assimilation with SAFY for 2013(a) and 2014 
(b). 
 
The winter wheat crop was exposed to thermal stress 
only between December and January, while 
temperatures were higher than the seasonal average for 
the remaining part of 2013. The period of low 
temperatures, even below zero, concerned a rather short 
period, therefore this does not appear to be the main 
cause of loss of yield. The Yangling rural area is 
classified as semi-arid, rainfall occur in the summer, 
while winters are almost totally lacking rain. Winter 
wheat crops have to be irrigated, but irrigation is not 
always sufficient to compensate for the lack of rain, 
especially in the fields far from  rivers and lakes in the 
Yiangling area. These observations allow to assume that 
the decrease in yield between 2013 and 2014 is mainly 
due to drought in the winter of 2013 which affected crop 
stand establishment.  
   
5. CONCLUSIONS 

Results obtained with the assimilation of CC into 
AquaCrop, have shown the adequacy of this method to 
provide yield estimation as affected by water 
availability, even though some drawbacks appear for the 
spatialized applications. Its highest complexity makes 
the calibration more difficult, the choice of values to 
assign to the parameters which remained fixed (not re-
calibrated) was based on the literature and on a 
preliminary calibration, but for regional scale 
applications this could be a strong limitation. Its lower 
plasticity means that this model is less affected by the 



 

 
 

boundary conditions, such as weather conditions or 
scenario characteristics, which makes it less suitable to 
establish a relationship between drought and yield. Its 
high accuracy is its strong point, but its high 
computational cost makes it less suitable for a 
spatialized application.   
Results obtained from the assimilation of LAI into the 
SAFY model seem to indicate that the EnKF 
assimilation procedure performed better. Given the 
lower number of parameters of the model, it proved to 
be quite robust despite the lower complexity of SAFY. 
The accuracy of SAFY is lower than that of Aquacrop, 
but using the EnKF assimilation method it is possible to 
increase it, reaching acceptable accuracy, albeit slightly 
less than that of Aquacrop.    
The application on regional scale of EnKF with the 
SAFY model proved to be a good method, both for the 
accuracy (confirmed by official statistics) and for 
computational requirements. To further validate this 
approach it would be appropriate to repeat this study on 
different regions, with different climatic characteristics 
from each other, for which it is possible to have 
accurate statistical information about the yield.     
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