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1. INTRODUCTION 

The need to address the challenges of food shortage and food insecurity in recent times calls 

for the prompt implementation of effective and efficient management tools. Agriculture has 

long been a critical component of the economies of both developed and developing nations. 

The Food and Agriculture Organization (FAO) reported that agriculture contributes 39.4% to 

the GDP, with approximately 67% of the global population engaged in agricultural-related 

occupations, and agricultural products accounting for 43% of all exports (FAO, 2000). These 

statistics highlight the significant role agriculture plays in supporting livelihoods, economies, 

and international trade. Wheat is a major food crop that is grown around the world and plays a 

significant role in ensuring global food security (Shiferaw et al., 2013). In developed countries, 

less than 50% of the available wheat (including imports) is used for human consumption, 

compared to more than 80% in developing nations (Awika, 2011). However, due to its use in 

producing energy and feeding livestock, the need for wheat has significantly increased over the 

past few decades. To attain the sustainable development goal (SDG) 2 set by the United 

Nations, which aims to achieve "zero hunger, food security, and improved nutrition, and 

promote sustainable agriculture" by 2030 (United Nations, 2015), timely and effective 

agricultural and crop yield estimation is fundamental to ensure the attainment of this goal. 

Many nations around the world still employ conventional methods of crop yield estimation 

such as crop-cutting trials and household surveys. Due to its simplicity and potential precision, 

this approach has been around for a very long time despite being laborious, expensive, time-

consuming, and labour-intensive. The method necessitated crop harvesting before yield could 

be assessed, making it vulnerable to errors that are difficult to spot. However, a number of 

approaches and technologies have been created recently to meet the demands of modern 

agricultural yield estimation. In this perspective, the use of technology like satellite remote 

sensing for crop yield estimation would offer the required assistance in ensuring food security 

and sustainability, especially with the projection of the global population increment from 7.8 

to 9.9 billion by 2050 (PRB, 2020). Since crop yields are crucial to global agricultural 

development, precise yield predictions prior to harvest will provide the necessary support to 

make informed choices about various aspects of crop management and food supply chains (Jin 

et al., 2018). 

The retrieval of biophysical parameters such as “Leaf area index (LAI), fractional cover 

(fCover), the fraction of photosynthetically active radiation absorbed by the canopy (fAPAR), 
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and plant chlorophyll concentration” (Silvestro et al., 2017; Dorigo et al., 2007) over the course 

of the entire growing season with very high geometric precision, depends directly on the 

temporal and spatial resolution of these remote sensing datasets (Dahms et al., 2016). Using 

these data in conjunction with crop growth models (CGMs) has shown to be successful in 

estimating crop yield (Bai et al., 2019; Lobell, 2013; De Wit et al., 2012; Casa et al., 2009; 

Kalpana et al., 2003). 

Crop growth models are usually based on mathematical equations that describe the processes 

that drive crop growth and development (Ma et al, 2022). These equations are based on 

scientific knowledge about the factors that influence crop growth, such as temperature, light, 

water availability, and nutrient availability. For various crops, many CGMs with varying 

degrees of accuracy and resilience have been developed and implemented for yield prediction 

and monitoring of crop growth (Pan and Chen, 2021). Some of the prominent models are the 

World Food Studies (WOFOST) model (Diepen et al., 1989), Crop Environment Resource 

Synthesis (CERES-Wheat) model (Ritchie, 1985), Agricultural Production Systems simulator 

(APSIM) model (Holzworth et al., 2014), Crop-water productivity (AquaCrop) model (Steduto 

et al., 2009), Decision Support System for Agrotechnology Transfer (DSSAT) model (Jones et 

al., 2003), Multidisciplinary simulator for standard crops (STICS) model (Brisson et al., 2003), 

Plant simulation (SWAP) model, and Simple Algorithm for Yield (SAFY) model (Duchemin 

et al., 2008). To estimate crop yield, the biophysical variables derived from remotely sensed 

imageries can be incorporated into CGMs using a variety of data assimilation techniques such 

as calibration, forcing, and updating methods (Jin et al., 2018; Dorigo et al., 2007; Delécolle et 

al., 1992). The techniques have been implemented to enhance the estimation of crop yield both 

at the field scale (Gilardelli et al., 2019; Donohue et al., 2018; Silvestro et al., 2017; Mulla, 

2013) and regional scales (Huang et al., 2019; Huang et al., 2015; Curnel et al., 2011). 

However, it has been noted that a particular focus was given to complex CGMs and much less 

to simple CGMs, even though they provide excellent means of simulating crop yield. 

Therefore, this master’s thesis had the objective to utilize a simple CGM in conjunction with 

remote sensing data to simulate wheat yield. 

The next chapter of this master's thesis will focus on reviewing previous studies related to yield 

estimation utilizing remote sensing technology, with a specific emphasis on wheat crop. After 

the literature review, the rationale and objective will be stated. Subsequently, the methodology 

employed and the datasets utilized for estimating the yield will be discussed in more detail. In 

the final two chapters, the results and their interpretation will be discussed. 
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2. LITERATURE REVIEW 

It is vital for decision-makers to have up-to-date and reliable information on crop production 

and yield. However, monitoring and estimation of crop yields are usually hampered by the 

absence of consistent data. The ability to predict the yield of crops using remote sensing data 

is made possible by its synoptic and repetitive coverage (Lobell, 2013). Thus, the current idea 

in crop yield estimation utilizing remote sensing technology is thoroughly reviewed in this 

chapter. Four sections make up the chapter. The techniques for retrieving biophysical variables 

from satellite imageries are described in section 2.1, the techniques for remotely predicting 

crop yield are described in section 2.2, the techniques for incorporating data from remote 

sensing into crop simulation models for crop yield improvement are described in section 2.3, 

and a summary of the integration of remotely sensed data in the SAFY model is described in 

section 2.4. 

2.1 Retrieval of Biophysical Variables from Satellite Imageries 

Some of the remote sensing crop biophysical variables used in crop growth modelling are LAI, 

fCover, fAPAR), and plant chlorophyll concentration (Silvestro et al., 2017; Dorigo et al., 

2007). However, among these biophysical variables, LAI which is the ratio between the green 

leaf area and the ground area (Cui and Kerekes, 2018) is mostly utilized by researchers to 

establish a connection between remote sensing and crop simulation models. Different 

techniques have been implemented to retrieve LAI from satellite imageries and they are 

empirical approaches, semi-empirical approaches, and physically based approaches (Verrelst 

et al., 2015).  

In the empirical approaches also known as parametric regression approaches, a relationship is 

established between the biophysical variable to be retrieved and the spectral data using a fitting 

function such as linear regression (Verrelst et al., 2015). These approaches are usually 

parameterized using spectral vegetation indices. However, a thorough evaluation of potential 

band sequences, vegetation index expressions, and curve-fitting techniques are necessary 

before choosing a vegetation index model for the retrieval of biophysical variables from remote 

sensing imagery (Verrelst et al., 2015). Numerous spectral vegetation indices such as 

normalized difference vegetation index (NDVI) (Rouse et al., 1973) have been suggested and 

examined to retrieve LAI for various crops and phenological phases (Mananze et al., 2018; 

Rivera et al., 2014; Haboudane et al., 2004). Mananze et al. (2018) evaluated the capacity of 

hyperspectral and multispectral data to predict the LAI of maize crop at the field level using 



 

4 
 

the empirical method and obtained a root mean square error (RMSE) value of 0.35 between the 

predicted LAI and measured LAI. Even though the approach is simple to apply, it is limited by 

the fact that the relationship established for a crop in a particular condition cannot be transferred 

to another context. To overcome this kind of constraint, a wide sampling must be ensured, 

taking into account various crop development stages, distinct crop varieties, and various 

geographic locations (Mananze et al., 2018; Pôças et al., 2017).  

The semi-empirical approaches also known as non-parametric approaches used information 

that is derived from existing data to establish a fitting function without making any assumptions 

about the distribution of the data or the relationships between the variables (Verrelst et al., 

2015a). It is necessary to effectively exploit the data structure of regression models in order to 

create regression models with the best general performance. Typically, to achieve this, a 

flexible model must be developed that can combine various data structure features in a non-

linear manner such as the machine learning algorithm (Verrelst et al., 2015). For instance, 

Verrelst et al. (2012) assessed the capability of four machine learning algorithms (neural 

networks (NN), support vector regression (SVR), kernel ridge regression (KRR), and Gaussian 

processes regression (GPR)) to retrieve LAI from Sentinel-2 (S2) and Sentinel-3 (S3) simulated 

data. They found that the GPR method gave a better result than the other retrieval methods, 

with an RMSE value ranging between 0.35 and 0.55.  Despite the fastness and capability of 

capturing non-linear relationships between various parameters, the drawback of this approach 

is the constraint of time variation and location (Cui and Kerekes, 2018). 

The physically based approaches involve the use of radiative transfer models (RTMs) to 

establish a physically based relationship between the biophysical variables and the spectral 

variation of canopy reflectance from the sensor without relying on in-situ data (Atzberger et 

al., 2015). RTMs are considered the most practical method for retrieving biophysical variables 

because of their capabilities to analyze earth observation (EO) data obtained through a variety 

of configurations in contrast to parametric models (Portillo, 2016). However, the models need 

to be inverted because of ill-posedness using an appropriate inversion method to estimate the 

biophysical variables (Atzberger et al., 2015; Verrelst et al., 2015, Kimes et al., 2000). 

Numerous techniques have been adopted by researchers to solve the RTMs ill-posedness 

problem by implementing strategies that rely on the Lookup table (LUT) inversion method 

which involves getting the RTM variables through the simulation of the spectral reflectance of 

the vegetation canopy (Verrelst et al., 2015a; Verrelst et al., 2015; Atzberger et al., 2015; 

Dorigo et al., 2009; Combal et al., 2003). In a study conducted by Delloye et al. (2018), the 
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LAI was retrieved from S2 spectral bands using an Artificial Neural Network (ANN). The 

study demonstrated a strong agreement between the estimated and measured LAI at the field 

scale, with an RMSE values ranging between 0.92 and 1.12 and coefficient of determination 

(R2) value ranging between 0.57 and 0.84 (Delloye et al., 2018). They concluded that the 

accuracy of estimating LAI improves by incorporating spectral bands such as SWIR and red-

edge that are less affected by atmospheric conditions but exhibit sensitivity to vegetation 

(Delloye et al., 2018; Li et al., 2014; Segl et al., 2012). In another study conducted by Pan et 

al. (2019),  the performance of empirical models, LUT approaches, and NN approaches were 

evaluated for the retrieval of LAI from S2 data at the regional scale. The study revealed that 

the LUT method yielded better results compared to the empirical models and NN methods, 

with an RMSE value of 0.43 between the estimated and field-measured LAI. They concluded 

that the S2 red edge bands improve the LAI estimation accuracy in all three approaches (Pan 

et al., 2019). Another different approach to solving the ill-posedness problem is to apply a 

priori information about the variables from different sensors and spatial contexts (Verrelst et 

al., 2015; Combal et al., 2003). For example, Atzberger and Richter (2012) demonstrate the 

effectiveness of using spatial constraints for reducing the uncertainty in the RTM inversion 

development.  

2.2 Estimation of Crop Yield 

Remote sensing is concerned with the technical methods of gathering data on properties and 

assessing objects of interest through airborne and space-borne sensors (Lillesand et al., 2004). 

Unlike aerial images, which only capture a single moment in time, satellite imaging can 

regularly provide more frequent data collection which is important for monitoring crop growth. 

Estimation of crop yield can be done in two ways. The first approach involves utilizing an 

empirical model (sometimes called a statistical model), and the second strategy uses remotely 

sensed data and crop growth models for yield estimation (Peng et al., 2021). This section solely 

discusses indirect yield estimation methods with respect to the review done by Basso and Liu 

(2018) while the assimilation techniques in crop growth models will be discussed later. 

2.2.1 Crop yield estimation using statistical models 

Statistical or empirical models are the most basic approach for estimating crop yield and are 

still widely utilized today. Statistical models utilized spectral information such as vegetation 

indices and reflectance at various wavelengths which are derived from remote sensors (active 

and passive) as a variable to forecast seasonal crop yield and biomass (Basso and Liu, 2018). 
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Using remote sensing data or in conjunction with agro-environmental variables that are not 

remotely sensed, several types of spectral vegetation indices have been established to forecast 

the yield of different crops as presented in Basso and Liu (2018).  

The fundamental goal of the statistical model approach is to create a regression between 

measured yield and data from remote sensing (Peng et al., 2021; Zhou et al., 2017). For 

example, Tuvdendorj et al. (2019) adopted a regression approach to establish a linear 

relationship between nine spectral vegetation indices derived from MODIS satellite data and 

the regional yield of spring wheat in northern Mongolia, and obtain a root mean square error 

that ranges between 410 kg/ha to 480 kg/ha. In addition to statistical models, other studies in 

recent years have tried to construct a relationship between satellite data and crop yield using 

machine-learning strategies (Ansarifar et al., 2021; Xu et al., 2020; Khaki and Wang, 2019). 

Researchers have also estimated yield by combining vegetation indices with 

agrometeorological data, soil data, and landscape data (Basso and Liu, 2018; Balaghi et al., 

2008). Although the statistical model is simple for estimating crop yield, however, it is 

constrained by the fact that statistical yield-forecasting models created for one region are 

typically inapplicable to another region (Rembold et al., 2013) because of crop type, and 

geographical area influence. Another flaw of the statistical model is that it utilizes spectral 

vegetation indices that are usually dependent on only two bands to establish a relationship with 

crop yield. However, the bands that this method ignores may include extra crucial data that can 

be adapted to accurately estimate the yield (Baidar, 2020). Therefore, based on the peculiarities 

of the study areas' agricultural growth, researchers must choose the appropriate indices (Basso 

and Liu, 2018).  

2.2.2 Crop yield estimation using crop growth models 

Crop growth models are made up of several mathematical equations that describe how plants 

develop and grow in response to the climate (Basso and Liu, 2018). Crop simulation models' 

output variables include yield and crop biomass (Basso and Liu, 2018). The impacts of the 

interconnections between soil properties, local meteorological data, and management practices 

of crop yield is taken into consideration by crop simulation models (Basso and Liu, 2018). 

Portillo (2016) categorized crop simulation models into simple and complex simulation 

models.  

Complex crop simulation models describe the relationships between the crop, soil, and 

atmosphere to simulate crop growth. Some of the popular complex crop models such as 
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WOFOST, CropSyst, APSIM, STIC, SWAP, CERES-Wheat, and EPIC models, have all 

incorporated remote sensing biophysical variables such as LAI, fCover, and fAPAR for 

estimation of crop yield at local and regional scale. The flaw of these models is that they require 

many input parameters and detailed information, which may not all be obtainable at a large 

scale. However, at a local scale, these models are useful for yield monitoring and simulating 

the impact of various management practices and environmental conditions (Portillo, 2016). 

Simple crop simulation models on the other hand are easy to implement and require only a few 

parameters to simulate crucial physiological crop processes (Portillo, 2016; Padilla et al., 

2012). These models are based on the light use efficiency (LUE) concept (Monteith, 1972) and 

assume that the production of biomass is relative to photosynthetically active radiation over 

the crop growing period (Lobell, 2013), and have the capacity to easily incorporate high-

resolution remotely sensed data to change some model parameters. AquaCrop and SAFY 

models are examples of simple CGMs. SAFY model combines the LUE concept with the leaf 

partitioning function (Maas, 1993) to simulate the dynamics of green LAI, the accumulation of 

dry above-ground mass (DAM), and actual crop yield on a daily time step (Duchemin et al., 

2008) using two (2) input variables (temperature and solar radiation required for crop growth) 

and fewer parameters. Remote sensing biophysical variables, particularly LAI data, can be 

assimilated by the model to change some of its parameters. SAFY model is not limited by 

geographical area and crop type as it was the case of statistical models and requires only few 

parameters compared to complex crop growth, hence the choice of the model in this study. 

SAFY (Duchemin et al., 2008) have been used with remote sensing data for estimating crop 

yield by numerous researchers. For example, Peng et al. (2021) used the SAFY model in 

combination with leaf area index (LAI) data generated from unmanned aerial vehicle (UAV) 

data to predict the yield of maize at the regional level under different irrigation scenario and 

obtained an RMSE value of 692.8 kg/ha and an R2 value of 0.855 between the predicted and 

observed yield. In addition, Chahbi et al. (2014) also predicted the yield of wheat and barley at 

the field level using the SAFY model in conjunction with SPOT5 time-series LAI data derived 

through the NDVI-LAI relationship, and they found that the SAFY simulated yield were 

underestimated when compared to the observed yield with an R2 value of 0.33. 

2.3 Methods of Assimilating Remotely Sensed Data in Crop Growth Model 

Assimilation of remotely sensed data is the process of applying remote sensing techniques to 

integrate canopy state variables with different information in both location and time to optimize 
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parameters in crop models (Jin et al., 2018). According to Delécolle et al. (1992), to properly 

process data assimilation for crop yield prediction, it is necessary to first differentiate between 

observed variables (derived from remotely sensed data), and model variables. One or more 

model state variables that may be obtained from satellite data can be utilized to assimilate 

remotely sensed data into crop models. There are several ways to incorporate biophysical data 

such as LAI, canopy cover, evapotranspiration, and fAPAR obtained through remote sensing, 

and many of them have been explored and used in various studies. However, forcing, 

calibration, and updating strategies are the three main strategies for incorporating remotely 

sensed data into crop models (Delécolle et al., 1992). The forcing strategy uses remotely sensed 

data to substitute the crop models' simulated data (Jin et al., 2018). The calibration method 

utilizes optimization strategies by minimizing the variation between the stimulated variables 

and observed variables to make sure that the CGM simulations are matched to the remotely 

sensed observations as best as possible (Pellenq & Boulet, 2004). The method of updating, also 

known as data assimilation, entails continuously updating the state variables of the crop model 

(Jin et al., 2018).  

The crop growth modelers employed these approaches for crop modeling when remote sensing 

techniques began to provide more reliable quantifications of canopy state variables including 

LAI, biomass, evapotranspiration, soil moisture, and canopy cover (Jin et al., 2018). 

Subsections 2.21 to 2.23 include descriptions of the three main data assimilation methods. 

2.3.1 Forcing approach 

The forcing approach, as described by Delécolle et al. (1992), involves recreating a time series 

data for a crop canopy variable like LAI retrieved from satellite imagery and using these data 

in the crop growth model at every single simulation phase as opposed to allowing the model 

defining the values of that variable. Several researchers have successfully used the forcing 

approach to estimate crop yield. For example, Bai et al. (2019) estimated the yield of the jujube 

fruit tree at a field scale in western China by forcing LAI generated from Landsat 8 NDVI and 

a Soil-adjusted Vegetation Index (SAVI) into a calibrated WOFOST model. The study found 

that forced LAI assimilation improved the accuracy of the yield estimation compared to without 

assimilation simulation with an RMSE value of 0.74 ton/ha and 0.87 ton/ha and also coefficient 

of determination value of 0.62 and 0.59 in 2016 and 2017 respectively (Bai et al., 2019). ` 

Casa et al. (2012) applied the forcing technique to assimilate LAI data into the STIC model to 

estimate agronomic variables at crop management and soil properties level of knowledge. The 
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result shows a reasonable improvement in yield and biomass estimation. The authors pointed 

out that the accuracy and regularity of observed LAI may have a substantial influence on the 

prediction of agronomic variables, especially during the initial growth stage, and recommend 

an empirical method built on a calibration approach for assessing the relationship between LAI 

and agronomic variable. In another research conducted by Tripathy et al. (2013), LAI that was 

derived from Advanced Wide Field Sensor (AWiFS) NDVI data was forced into the WOFOST 

model for predicting the spatial yield of wheat at regional level in Punjab, India, using a 

correction factor. After forcing the LAI time-series data in the model, the predicted value of 

growth variables such as total above-ground biomass, weights of leaves, stems, and storage 

organs was lowered compared to before forcing, and the estimated wheat yield had an RMSE 

less than 0.4 ton/ha in comparison to the measured yield data.  

Although the forcing method makes it straightforward to incorporate remote sensing canopy 

variables into the crop growth model, its primary flaw is that when observed data are 

incorporated into the crop model, the error is not considered, and model and observation 

uncertainties are ignored. Thus, the observation quality is what determines how well it performs 

(Hu et al., 2019). Due to this flaw, it appears that alternative assimilation procedures are 

preferable to the forcing strategy. 

2.3.2 Calibration approach 

The calibration method assumes that the crop simulation model is technically accurate but not 

calibrated (Delecolle et al., 1992). Thus, it is believed that the model output error results solely 

from the error in the chosen model parameters and initial conditions while errors from 

observation and model structure are ignored (Hu et al., 2019; Evensen, 2009). Cournède et al. 

(2012) opined that sensitivity analysis should be performed first to determine the model 

parameters and initial states that ought to be calibrated to produce accurate simulations for the 

crop model. However, running the model with a good range of model parameter values is 

necessary for calibrating the model uncertainty and sensitivity analysis of the crop model (Jin 

et al., 2018). As more observations become available and more (different) state variables are 

seen, more parameters can be calibrated for example LAI, canopy cover, and biomass. 

Numerous researchers have created and used a variety of algorithms to calibrate the optimal 

parameter combination for incorporating remote sensing data into various crop models. Some 

of the algorithms include Particle Swarm Optimization (PSO) (Jin et al., 2016; Son et al., 2016), 

Shuffle Complex Evolution-University of Arizona (SCE-UA) algorithm (Li et al., 2021; Wang 
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et al., 2014), Error minimization function (Novelli & Vuolo, 2019), Markov Chain Monte Carlo 

Differential Evolution Adaptive Metropolis (MCMC-DREAM) (Upreti et al., 2020, Sadegh 

and Vrugt, 2014) and conjugate direction optimization algorithm POWELL (Fang et al., 2011).  

With the aid of an optimization technique, the calibration approach reduced the discrepancies 

between the crop model's generated data and data from remote sensing. It is vital to have in 

mind that the accessibility of well-distributed observed variables from remote sensing data, the 

quality of the state variables obtained from the model, the number of independent variables 

that need to be adjusted, and the complexity of the crop model all affect how accurate the 

outcomes from the calibrated crop model will be. To increase the accuracy of crop models' 

predictions, the calibration procedure is expected to provide more representative input crop 

parameters (Jin et al., 2018; Nouvellon et al., 2001). However, the key disadvantage of the 

method is that it necessitates more optimization repetitions, resulting in increased computing 

time (Jin et al., 2018) 

2.3.3 Updating approach 

In updating approach, the assimilation process considers both the crop simulation model and 

remote sensing sources of error to produce the best estimates possible (Vazifedoust et. al., 

2009). The remote sensing data are adopted as external data and the state variable which is 

updated continuously during the assimilation process is predicted by the model (Jin et al., 

2018). According to Portillo (2016), most of the assumptions made by the updating technique 

are that the parameters are already known, and that state variables and accompanying 

observations account for uncertainty. However, using updating techniques, model parameters 

that change over time can be estimated. During updating, these parameters are solely regarded 

as state variables. Also, data assimilation using updating approach gives the possibility of 

incorporating a combination of biophysical variables in the model.  

Jin et al. (2018) presented some of the common data assimilations using updating techniques 

in the crop growth model and they include Kalman Filter (KF) (Vicente-Guijalba et al., 2014), 

Ensemble Kalman filter (EnKF) (De wit and Diepen, 2007), Particle filter (PF) (Xie et al., 

2017), Four-Dimensional Variational Data Assimilation (4DVar), Hierarchical Bayesian 

Method (HBM), and the Proper Orthogonal Decomposition into 4DVar (POD4DVar). These 

assimilation techniques have been adopted by many authors in different crop models for 

improving crop yield estimation. For example, Vazifedoust, et. al. (2009) employed the KF 

strategy to assimilate time series of LAI and ET obtained from MODIS satellite images into 
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the SWAP crop model to forecast wheat yield at field scale and regional scale. The result 

obtained showed a bias of 10% (4.5 ton/ha) between the simulated yield and statistical yield 

data when predicting the yield at 1 month in advance with assimilation and a bias of 4 to 39% 

without assimilation. Wu et al. (2020) also implement the EnKF approach to improve the 

estimation of winter wheat yield at a field scale by integrating LAI retrieved from Sentinel-2 

into the WOFOST model, and the resulting yield accuracy was improved (with an RMSE value 

of 512 kg/ha with assimilation of LAI and an RMSE of 818 kg/ha without assimilation) which 

proves the possibility of using high-resolution LAI for yield prediction at the field level. Huang 

et al. (2015) adopted the 4DVAR algorithm to jointly assimilate LAI and ET from MODIS data 

into the SWAP model to estimate winter wheat yield at field and regional levels and obtained 

better results in the yield accuracy with an RMSE value of 619kg/ha at the regional level when 

jointly integrating LAI and ET, compared to an RMSE of 889kg/ha when assimilating only 

LAI and an RMSE of 1561kg/ha when assimilating only ET. Li et al. (2017) also investigated 

the performance of PF and POD4DVAR assimilation techniques to integrate remotely sensed 

LAI in the CERES-Wheat model for predicting winter wheat yield at both field and regional 

scales in China and the result shows a better improvement in yield compared to without 

assimilation with POD4DVAR having better accuracy with an RMSE value of 523 kg/ha and 

172 kg/ha at both scales respectively. Jiang et al. (2014) conducted a study in which the 

capability of the POD4DVar to integrate LAI data in the CERES-Wheat model for regional 

wheat yield estimation and the study's findings demonstrated that the PODVAR algorithm 

outperformed the EnKF method with an RMSE value of 243 kg/ha and a relative error of 2.59% 

at regional scale and an RMSE of 319 kg/ha at field scale.  

2.4 Summary of the Integration of Remote Sensing Data into SAFY Model 

The integration of remotely sensed biophysical variables in the SAFY model has allowed 

researchers to conduct crop yield estimation with useful results. Dong et al. (2016) used the 

data fusion assimilation technique to incorporate field scale LAI from MODIS and Landsat 

into the SAFY model to estimate the biomass of winter wheat in Eastern Canada. The outcome 

indicates that there is an improvement in biomass estimation due to the fusion algorithm, with 

an RMSE value of 1760 kg/ha and a correlation coefficient value of 0.76 showing good 

agreement between predicted and observed biomass. Han et al. (2021) also assimilate LAI 

derived from MODIS satellite data into three versions of the SAFY model (original SAFY 

model, SAFY-V model and SAFY-WB model) to improve the estimation of wheat yield at 

both field and regional scales. The authors used the shuffled complex evolution algorithm to 
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adjust the model parameters and the result obtained shows that the SAFY-V model performed 

best with an R2 value of 0.47 compared to the SAFY-WB and the SAFY model with an R2 

value of 0.38 and 0.30 respectively. Duchemin et al. (2008), for instance, use the SAFY model 

in conjunction with LAI derived from Landsat Thematic Mapper data to monitor winter wheat 

at field scale. In the study, the yield variables were all simulated using model parameters that 

were calibrated using the SCEM-UA technique. When compared to field data, the outcome 

shows that the LAI time-series were well simulated with RMSE values ranging between 0.08 

and 0.59, but the grain yield is underestimated when compared with the statistical yield on 

average by 0.5 ton/ha and 0.9 ton/ha when compared to the field yield and 0.48 as the 

correlation coefficient (Duchemin et al., 2008). Silvestro et al. (2017) also assimilate LAI that 

was derived from Landsat 8 satellite data into the SAFY model using the ENKF algorithm to 

predict wheat yield at both field and regional levels, and obtained an RMSE of 1.09 t/ha and a 

relative RMSE value of 18% at the field level between the predicted and observed yield. At the 

regional level, the predicted yield was in good agreement with the statistical yield data 

(Silvestro et al., 2017). Gaso et al. (2019) integrated the LAI derived from Landsat-7 and 

Landsat-8 images with the SAFY model to predict wheat yield at the field scale. They obtained 

a root-mean-squared error (RMSE) of 1532 kg/ha and an R2 value of 0.11 between the 

estimated and observed yield. Manivasagam et al. (2021) also assimilate LAI data retrieved 

from two high resolution satellite data using a forcing approach into the SAFY model to predict 

the yield of wheat produced at field scale in Israel. The outcome shows that S2 and PlanetScope 

fused images LAI achieved higher yield prediction accuracy with an RMSE value of 690 kg/ha 

and an R2 value of 0.45 compared to S2 LAI with an RMSE value of 880 kg/ha and an R2 value 

of 0.35. They concluded that incorporating high resolution data from satellite imageries into 

crop models improves the wheat yield prediction. Ma et al. (2022) use the SAFY model to 

estimate wheat yield at a regional scale in Xiaotangshan Town, Beijing, by incorporating LAI 

from S2 satellite imagery. The authors used the SP-UCI optimization algorithm to adjust some 

of the model parameters and concluded that the data assimilation strategy is particularly useful 

for estimating yield because the estimated yield correlated properly with the observed yield 

data with an R2 value of 0.49 and 0.61, and an RMSE value of 1.14 ton/ha and 1.39 ton/ha in 

2014 and 2015 respectively (Ma et al., 2022). Zhang et al. (2019) also evaluate the applicability 

of the SAFY model to simulate winter wheat yield under different irrigation settings at the 

regional level through the assimilation of field measured LAI. The authors implemented the 

SCE-UA algorithm to minimize the error between the field observed LAI and SAFY simulated 
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LAI, the results shows that wheat yield was well predicted with a minimum RMSE value of 

350 kg/ha obtained in the assessment of the predicted and measured yield.  

The literature review revealed that only a limited number of studies have focused on field-level 

yield estimation due to the lack of high-resolution satellite data. Generally, high spatial and 

temporal resolution biophysical variables with field-sized comparability acquired throughout 

the growing season are required to optimize a simple crop simulation model to predict crop 

yield at the field scale.  

The literature review also revealed a diverse range of performance outcomes, which can be 

attributed to the different assimilation approaches used by various authors and the limited 

availability of observed field data. 

Moreover, it was noted that the combination of remote sensing data with CGM using updating 

techniques leads to significant improvement in accuracy. This can be attributed to the 

versatility of the technique, allowing for the assimilation of two or more variables and 

adjustment of model parameters based on observed field conditions.  

Considering the availability of high spatial and temporal resolution data, such as S2 images, 

over the study area during the crop growing season, assimilating biophysical variables derived 

from such data with a simple crop simulation model such as SAFY might improve crop yield 

estimation.  Therefore, the effectiveness of this approach is worth studying for improving crop 

yield estimation. To realize this, S2-LAI time-series data will be incorporated into the SAFY 

crop simulation model to simulate crop yield and the model will be validated using field 

measured yield data so that it can be used as a starting point for analysis of large areas of 

production in related locations. 
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3. RESEARCH RATIONALE AND OBJECTIVE 

3.1 Research rationale 

Based on the relevant literature covered in Chapter 2, previous studies have demonstrated the 

effectiveness of both complex CGMs like WOFOST and simple models like SAFY in 

estimating crop yield, particularly at the regional level, when combined with remote sensing 

data. This is mainly due to the lack of high-resolution satellite data with regular revisiting times, 

which sets challenges for accurate field-level yield estimation. Furthermore, complex CGMs 

require many parameters and extensive field datasets for yield estimation, which are 

challenging and time-consuming to obtain, limiting their suitability for this study.  

Considering these limitations, the SAFY model is chosen for estimating wheat yield in this 

study, due to its simplicity and fewer parameter requirements. In addition, the availability of 

high-resolution S2 data through the Copernicus program of the European Space Agency (ESA) 

provides a valuable opportunity for field-level analysis in this study. S2 data provides high 

spatial, spectral, and temporal resolution observations of the Earth's surface (Vuolo et al., 

2018), making it suitable for CGMs and enhancing field-level yield estimation. By utilizing S2 

data, this thesis intends to overcome the limitations of conventional and labour-intensive yield 

estimation methods in the study area, facilitating the adoption of more efficient and cost-

effective approaches. Therefore, the main goal of this master's thesis is to use S2 data to achieve 

the research objective stated below.  

3.2 Research objective 

The main objective of this research is to integrate the biophysical variable derived from remote 

sensing data into the SAFY agrometeorological model to improve the estimation of wheat crop 

yield. With a focus on improving wheat crop yield estimation, the research question of this 

thesis is stated below. 

To what extent does the assimilation of LAI retrieve from Sentinel-2 into the SAFY model 

contribute to improving the accuracy of yield estimation at field level compared to the SAFY 

model's yield estimation without assimilation? 
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The interest of this research is justified by considering the following key elements: Firstly, 

comprehensive yield data collected through in-situ measurements creates a strong basis for 

understanding wheat yield dynamics in the study area, ensuring the applicability of the results. 

Secondly, the study includes simulation models that differentiate between rainfed and irrigated 

fields, enabling a more precise analysis of wheat crop yield under varying water availability 

conditions. Finally, through the application of the differential evolution optimization approach, 

the study optimize the parameters of the SAFY model, enhancing its performance and 

improving the estimation of wheat crop yield. 

To accomplish the goal of this research, the following steps were outlined: 

1. Ingestion of the SAFY model using meteorological time-series data and estimation of yield. 

2. Retrieval of the leaf area index (LAI) from Sentinel-2 satellite data. 

3. Assimilation of the LAI into the SAFY model using calibration method to estimate wheat 

yield at field scale. 

4. Validation of the results of the estimated wheat yield with and without LAI assimilation 

using actual field measurement data. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: Overview of the overall approach 
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4. MATERIAL AND METHODS 

This chapter provides an explanation of the methodology employed in this master's thesis. The 

first section of this chapter gives a background of the study area and provides a description of 

the datasets that were utilized for the research implementation. The second section begins by 

providing a summary of all the steps of this study. This is followed by a detailed explanation 

of the procedure for LAI estimation, a comprehensive description of the SAFY model, an 

explanation of the model simulation, and a step-by-step account of the calibration, validation, 

and performance assessment based on statistical metrics.  

4.1 Study area and Datasets 

This section provides background information about the research area and the datasets that 

have been considered to execute the research procedures. 

4.1.1 Research area 

The research area (Figure 2) is based on two regions, which are part of the main agricultural 

production areas of Spain. The regions are Castile and Leon and Castile-La Mancha. Castile 

and Leon is an autonomous community situated in the North-western part of Spain (41° 39’ N, 

04° 45’ W) which encompasses a wide plateau with a mean altitude of 700 metres and the 

climate type of the region is continental, with January being the coldest month and July being 

the warmest month. The annual mean temperature of the region is about 13.71 °C and the 

annual mean precipitation is around 400-600 mm (Royo and Briceno-Felix, 2011). Some of 

the important crops grown in the area are wheat, barley, rye, oat, sunflower, and vineyard. 

Contrarily, Castile-La Mancha is situated in the South-eastern part of Spain (39° 51’ N, 04° 

01’ W) and the region has a mid-latitude steppe climate type with January and July being the 

coldest and warmest month respectively. The annual mean temperature of the region is about 

17.04 °C and the annual mean precipitation is around 450-600 mm (Royo and Briceno-Felix, 

2011). Important crops grown in the area include wheat, grapes, olives, and barley. 
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Figure 2: Research area (Esri et al., 2012) 

4.1.2 Meteorological data 

In this research, daily mean temperature (°C) and global solar radiation (MJ/m²) are the two 

meteorological datasets that are employed. The datasets are based on ERA-5 Land reanalysis 

which are delivered in a spatial resolution of 0.1° by 0.1° in latitude and longitude, and the data 

are available from 1950 to the present (Sabater, 2019). Hourly mean temperature and global 

radiation data from October 2018 to December 2019 were downloaded from the ERA-5 Land 

climate data store ( https://cds.climate.copernicus.eu/) and were converted to daily data using 

Python code. Figure 3 and Figure 4 shows the seasonal variation in daily mean temperature 

and daily global solar radiation in 2019 in the two study areas. For the two areas, the highest 

daily mean temperature happened in July and the lowest daily mean temperature happened in 

January while the highest daily global solar radiation happened in June and the lowest daily 

global solar radiation occurred in December. 
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Figure 3: Daily mean temperature in 2019 in Castile and Leon, and Castile-La Mancha 
(https://cds.climate.copernicus.eu/) 

 
Figure 4: Daily global solar radiation in 2019 in Castile and Leon, and Castile-la Mancha 
(https://cds.climate.copernicus.eu/) 
 
4.1.3 Remote sensing data 

Sentinel-2 is an optical remote sensing mission that consists of two polar orbiting satellites in 

the sun-synchronous orbit and allow EO data to be freely available in thirteen (13) spectral 

bands with three different spatial resolutions (10m, 20m, and 60m) and a temporal resolution 

of five days revisit period (ESA, 2015). For this research, S2 images are provided in tiles 

through the Copernicus programme. The S2 level 2 products provide Top of Canopy (TOC) 

reflectance satellite data that has been radiometrically calibrated. S2 images was downloaded 

for the year 2019 and five (5) tiles covering the two study areas as shown in Figure 1 were 

used. Sen2cor atmospheric correction toolbox was used to perform the atmospheric correction 
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and cloud detection on the S2 images. The properties of the S2 spectral band is shown in Table 

1.  

Table 1: Sentinel-2 spectral bands properties (Source: Weiss et al., 2020; ESA, 2015) 
Band 

Number 

Band Names Central 

Wavelength 

(nm) 

Spatial 

Resolution 

Possible 

Applications 

1 Coastal Aerosol 443 60 Atmosphere 

2 Blue 490 10 Atmosphere 

3 Green 560 10 Vegetation 

4 Red 665 10 Vegetation 

5 Vegetation Red Edge (VNIR) 705 20 Vegetation 

6 Vegetation Red Edge (VNIR) 740 20 Vegetation 

7 Vegetation Red Edge (VNIR) 783 20 Vegetation 

8a Near Infra-Red (NIR) 842 10 Vegetation 

8b Vegetation Red Edge (VNIR) 865 20 Vegetation 

9 Water vapour 945 60 Atmosphere 

10 SWIR Cirrus 1375 60 Atmosphere 

11 SWIR 1610 20 Vegetation 

12 SWIR 2190 20 Vegetation 

 

4.1.4 Wheat crop yield data 

The wheat crop yield data were provided by the Spain National Statistics Office (NSO): 

Ministry of Agriculture, Fisheries and Feed, Department of Analysis and Agricultural Statistics 

(https://www.mapa.gob.es/). The Ministry provides a survey on Areas and Crop yields of 

Spanish crops (ESYRCE which is Encuesta sobre Superficies y Rendimientos Cultivos) at 

national and regional levels. ESYRCE vectorizes the cropfields within a segment of 700 square 

meters and attributes a crop type and a yield value for some of the crops. 

For this study, yield data for 851 wheat crop fields in the two regions for the 2019 growing 

seasons were made available through the ESA Sentinels for Agricultural Statistics (ESA 

Sen4Stat) project. Out of the 851 cropfields, Castile and Leon has 721 wheat cropfields while 

Castile-la Mancha has 130 wheat crop fields. In this dataset, the average observed wheat yields 
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which comprise both rainfed and irrigated fields for Castile and Leon region range from 200 to 

9,300 kg/ha and 1 to 9,000 kg/ha for Castile-la Mancha. 

4.1.4.1 Wheat crop yield data filtering 

To ensure the utilization of higher-quality yield data in this study, several data cleaning 

procedures were implemented. Firstly, any yield data with a value of 1 kg/ha was removed 

from the dataset. Additionally, a standard (non-spatial) statistics method, as described by 

Gozdowski et al. (2010), was employed to identify and address unusual yield estimates. This 

method involved analyzing the statistical properties of the yield data, particularly their 

distribution characteristics. Empirical frequency distributions were computed for the wheat 

yield data, and thresholds were established based on the frequency curve. Data points that fell 

outside of the predetermined ranges, indicating extremely low or extremely high yields, were 

subsequently disregarded. Figure 5 shows the histogram of the wheat yield data. Moreso, the 

relationship between the maximum LAI (which is an indicator of the potential leaf surface area 

and photosynthetic capacity of a crop) and the wheat yield data was determined. In cases where 

the maximum LAI value is exceptionally low, it suggests suboptimal growth and development 

of the crop, which can result in abnormally low yields. Typically, values larger than 6540 kg/ha 

and between 100 and 1020 kg/ha are treated as outliers due to their low maximum LAI. Figure 

6 shows the scatterplot of wheat yield and maximum LAI of some selected cropfields in Castile 

and Leon to verify the outliers and the plot shows there was no significant relationship between 

the yield value and the maximum LAI of the cropfields that were considered as outliers. 

However, despite the majority of the yield values falling within the expected range, a small 

number of data points were identified as outliers within this range. These outliers were flagged 

due to their unusual yield values in relation to the size of the crop area. This approach led to 

the elimination of 208 (24.4%) wheat cropfields out of the 851 fields for further use in this 

study. Figure 7 shows the histogram of the transformed wheat yield data. However, despite the 

non-normal distribution of the wheat yield data and its cleaning result, the assumption is that 

regression analysis using the wheat yield data as validation remains valid.  
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Figure 5: Histogram for wheat crop yield data (outliers are highlighted) for 2019 (n = 848). 

 
Figure 6: Scatterplot of the wheat yield of selected cropfields (in Castile and Leon) and 
maximum LAI (provided by the Geomatics Lab at UcLouvain). 
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Figure 7: Histogram of the filtered wheat yield data for 2019 (n = 643). 

4.2 Methods 

This section provides a description of the methodology employed in this study. The research 

question of this master's thesis was addressed using the SAFY crop yield model and S2-LAI 

data. The model was initially initialized using meteorological time-series data and default 

wheat parameters to estimate the wheat yield. Thereafter, the model's default parameters were 

then calibrated by incorporating the S2-LAI. A summary of all the steps of this study is shown 

in Figure 8. In-depth explanations of each component are provided in the ensuing subsections.  

 

 

 

 

 

 

 

 

 

 



 

23 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 8: Flowchart of the methodology used in the study. 

4.2.1 Estimation of the Leaf Area Index (LAI) from Remote Sensing Data 

The total area of leaves per unit of ground area is known as the Leaf Area Index (LAI), which 

is expressed as a dimensionless value. It controls the exchange of energy, water, and carbon 

dioxide between the plant canopy and the atmosphere, as well as the amount of leaf cover in a 

vegetation canopy and the amount of photosynthetically active biomass (Weiss et al., 2020). 

When the LAI value is high, the vegetation is dense and has a high leaf cover; when the LAI 

value is low, the vegetation is sparse and has a low leaf cover. LAI changes dynamically over 
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time and is influenced by a number of variables, including species composition, phenology, 

and environmental conditions. LAI and reflectance have a strong nonlinear relationship. 

However, because of the potential for leaf distribution heterogeneity within the canopy volume, 

LAI cannot be directly accessed from remote sensing data apart from when utilizing directional 

observations (Weiss et al., 2020; Chen et al., 2005). 

The LAI data used in this study was provided by the Geomatics Lab at UcLouvain. The data 

was retrieved from the biophysical vegetation (L3B) processor of the ESA Sentinel-2 

Agriculture (Sen2-Agri) system. The L3B processor utilizes a neural network called BV-NET, 

which is trained to invert the PROSAIL radiative transfer model developed by INRA (Weiss 

et al., 2020). BV-NET provides three biophysical values related to vegetation status: NDVI, 

LAI, and phenology indicators. These values are derived from S2 images and are available at 

a spatial resolution of 10 meters in the Universal Transverse Mercator (UTM) and WGS84 

projection (ESA Sen2-Agri, 2020). 

4.2.1.1 LAI data screening and  resampling 

To ensure that better quality LAI data is used, the raw LAI time-series data was subjected to a 

screening and smoothing process. This process aimed to eliminate outliers and ensure that the 

LAI time-series followed the temporal frequency of the crop's seasonal growing cycle. In the 

screening step, any S2-LAI time-series data with a valid pixel value lower than 80% of the total 

number of pixels from which the LAI data was derived were removed across the growing stage. 

Next, the smoothing process involved resampling the S2-LAI timeseries to daily frequency 

data to ensure consistency with other datasets, and interpolating missing values using the linear 

interpolation technique. Finally, the interpolated data were subjected to a three-point upper 

envelope Savitzky-Golay function (Gu et al., 2006) to estimate the wheat phenological 

development. The three-point upper envelope Savitzky-Golay filter works by fitting a quadratic 

polynomial to three adjacent points in the LAI timeseries. The LAI value at the centre of the 

three-point window is then calculated using the coefficients of this polynomial. Every LAI data 

in the timeseries is subjected to this process again, producing a timeseries that is smoothed and 

follows its upper envelope (Gu et al., 2006).  

It is important to note that the S2-LAI data actually represents the effective Green Area Index 

(GAI) of the plants. The effective GAI refers to the leaf area per unit ground area that 

contributes to the photosynthetic activity of the plants (Duveiller et al., 2011). The GAI 

provides a more accurate estimation of the actual photosynthetic capacity of the crops. By using 
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the S2-LAI data, which represents the effective GAI, this study ensures a more precise 

assessment of the crop's growth and development throughout the growing season. Figure 9 

shows an example of the interpolation and smoothing result for a cropfield in the study area. 

In the figure, it can be seen that the smoothed LAI data representing the effective GAI, captured 

the crop phenology and also preserved the shape of the original S2-LAI data.  

          
Figure 9: Example of the LAI interpolation and smoothing result for a rainfed field (left image) 
and irrigated field (right image). 

4.2.2 Overview of the SAFY crop growth model  

SAFY is a crop growth model that is based on the light use efficiency (LUE) concept (Monteith, 

1977), a simple theory that connects the total dry phytomass produced and the 

photosynthetically active solar radiation (APAR) that plants absorb (Duchemin et al., 2008). It 

simulates LAI, the accumulation of dry above-ground mass (DAM), and yield on “a daily time 

step from the day of plant emergence (D0) to the day of complete leaf senescence” (Duchemin 

et al., 2008). Leaf senescence starts when the sum of air temperature (ΣTa) gets to a certain 

threshold (𝑆TT), and it increases according to the rate of senescence (Rs) factor. The leaf 

senescence ends when LAI has dropped to a value that is equal to zero or lower than its starting 

value, signifying complete senescence. 

The daily average air temperature and daily incoming global radiation are required as input 

data to run the model with fourteen (14) parameters which can be split into three groups as 

shown in Table (2). The model does not require soil data, rainfall data, and management 

information because of the assumption that the impact of these elements are represented when 

the simulated LAI is fitted to the measured LAI data by adjusting some of the model 

parameters. A description of the SAFY model process is shown in Figure 10.  
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Figure 10: SAFY model flowchart (Manivasagam et al., 2021). 

The DAM, LAI and yield is estimated using the following mathematical equations as described 

by Ma et al. (2022), Claverie et al. (2012) and Duchemin et al. (2008),   

∆𝐷𝐴𝑀= APAR * ELUE * 𝐹𝑇 (𝑇𝑎 )             (3.1) 

Where ∆𝐷𝐴𝑀 is the daily increase in dry above-ground mass, APAR is the absorbed 

photosynthetic active radiation, ELUE is the effective light-use efficiency and 𝐹𝑇 (𝑇𝑎 ) is the 

temperature stress factor. 

APAR = 𝜀𝐶 * 𝑅𝑔 * 𝑓APAR               (3.2) 

The APAR is estimated using Equation 3.2, where 𝜀𝐶 is the climatic efficiency, 𝑅𝑔 is the 

incoming global radiation, and 𝑓APAR is the absorbed fraction of daily photosynthetically 

active radiation, which is calculated utilizing Beer's law in Equation 3.3, and k is the light 

interception coefficient.  

𝑓APAR = 1 − 𝑒 −𝑘*LAI                        (3.3) 

The temperature stress factor FT is estimated using Equation 3.4, where 𝑇𝑎 is the daily average 

air temperature, 𝑇𝑚𝑖𝑛, 𝑇opt, 𝑇max are the minimum, optimum, and maximum air temperature 

required for crop growth. 
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           (3.4) 

The green leaf area index is estimated from the balance between the LAI daily increase or 

accumulation (∆LAI+) and LAI daily decrease (∆LAIି) using Equations 3.5 and 3.7.  

∆LAI+ = ∆𝐷𝐴𝑀 * 𝑃𝑙(ΣTa) * SLA             (3.5) 

Where 𝑃𝑙 is the partition-to-leaf (which is a function that represents the leaf temperature's 

cumulative distribution), ΣTa is the sum of the air temperature and SLA is the specific leaf area.  

The partition-to-leaf is a function that is obtained using the sum of the air temperature in 

addition to two parameters ( 𝑃𝑙𝑎 and 𝑃𝑙b) as depicted in Equation 3.6. 

     𝑃𝑙(ΣTa) = 1 - 𝑃𝑙𝑎 * 𝑒𝑃𝑙b * ΣTa                (3.6) 

If ΣTa > STT, ∆LAIି = LAI ∗
(ஊ୘ୟ  ௌ೅೅)

ோೄ
            (3.7) 

Where Rs is the rate of senescence and STT is the temperature threshold for senescence to 

identify when LAI starts to decline. 

The crop yield is calculated by multiplying the final dry above-ground mass with the rate of 

grain filling factor (Py) as depicted in equation 3.8. 

Crop yield = DAM * Py              (3.8) 

4.2.2.1 SAFY model parameters 

The number of parameters required by the SAFY model is fourteen (14) and they are 

categorized into three according to Duchemin et al. (2008) as shown in Table 2. They are crop 

growth parameters, phenological parameters, and crop agro-environmental condition 

parameters. The first category of the parameters which is based on crop growth are global to 

PAR incident radiation ratio (εC), extinction of radiation in canopy (k), emergence of dry 

above-ground mass (DAM0), specific leaf area (SLA), minimum (Tmin), optimum (Topt), and 

maximum (Tmax) temperature for crop development. The second category of the parameters 

which are related to crop phenology are partition-to-leave function (Pla and Plb), temperature 

threshold to begin senescence (SenA), rate of senescence (SenB), and partition coefficient to 

grain (Py). The third category of the parameters which are related to the agro-environmental 
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condition of the crop are the day of plant emergence (D0) and effective light use efficiency 

(ELUE).  

4.2.3 SAFY model simulation of LAI and wheat yield 

As part of the specific objective of this study to estimate yield without assimilation of the 

biophysical variable, an initial model simulation was conducted. Since there was no 

information about the agro-environmental conditions of the wheat season crop grown for each 

field scale and SAFY model requires the starting day and ending day of each simulation run 

for the cropfields, so the crop calendar provided by the International Production Assessment 

Division (IPAD) of the United State Department of Agriculture (USDA) 

(https://ipad.fas.usda.gov/rssiws/al/crop_calendar/europe.aspx) was utilized. From the USDA 

crop calendar, the months for the planting and harvesting of winter wheat in Spain were 

November and June. However, since the model requires a specific day of the year, the day to 

start the simulation was set to a day in October 2018 (Oct. 15) before the crop growing period 

and the day to stop the simulation was set to a day in July 2019 (Jul. 14) which is at the latest 

incidence of the end of crop growing period. Moreso, since the LAI data did not cover the year 

2018, the D0 parameter was presumed to be a day in December 2018 (Dec. 23). After all this 

were fixed, the default wheat parameter dataset was found in the paper of Duchemin et al. 

(2008) to simulate LAI and wheat yield for all the cropfields. The initial simulation was done 

using the meteorological time-series data (mean daily temperature and daily solar radiation). 

These were used as the starting point to establish the range of parameters that will be used for 

the free parameters that are to be calibrated in this study. However, the fundamental 

presumption here is that the SAFY model output will contain unambiguous systematic error as 

a result of inaccurate parameter values.  

4.2.4 Calibration of the SAFY model parameters 

In this study, seven (7) parameters were fixed according to the literature, and the remaining 

parameters are considered free parameters for calibration as reported in some previous studies 

(Ma et al., 2022; Zhao et al., 2022; Manivasagam et al., 2021; Peng et al., 2021; Dong et al., 

2016; Claverie et al., 2012; Duchemin et al., 2008). These parameters were calibrated using 

the remote sensing data. Prior to the calibration of the SAFY model, the range of each 

parameter was defined based on the range found in the literature. The value and references of 

these parameters are shown in Table 2.  
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Table 2: SAFY crop growth model variables and parameters with their preliminary values 
Parameter description Notation Unit Initial value 

and range 

Reference 

Fixed 

Global to PAR incident radiation 

ratio 

εC - 0.48 Ma et al. (2022), 

Manivasagam et al. 

(2021), Duchemin 

et al. (2008) 

Extinction of radiation in canopy k - 0.5 Ma et al. (2022), 

Duchemin et al. 

(2008) 

Emergence dry above-ground 

mass 

DAM0 gm-2 4.5 Zhao et al. (2022), 

Duchemin et al. 

(2008) 

Specific leaf area SLA m2g-1 0.022 Duchemin et al. 

(2008) 

Minimum temperature for crop 

development 

Tmin oC 0 Duchemin et al. 

(2008) 

Optimal temperature for crop 

development 

Topt oC 20 Duchemin et al. 

(2008) 

Maximum temperature for crop 

development 

Tmax oC 37 Duchemin et al. 

(2008) 

Free 

Partition-to-leave function A Pla - 0.01 - 0.3 Claverie et al. 

(2012), Duchemin 

et al. (2008) 

Partition-to-leave function B Plb - 0.00001-0.01 Manivasagam et al. 

(2021), Claverie et 

al. (2012) 

Temperature threshold to start 

senescence 

SenA oC 200 - 2000 Duchemin et al. 

(2008) 

Rate of senescence SenB oC/day 0 - 100000 Manivasagam et al. 

(2021) 
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Day of plant emergence D0 day 50-150 Duchemin et al. 

(2008) 

Effective light use efficiency ELUE g/MJ 1.5 - 5 Manivasagam et al. 

(2021), Dong et al. 

(2016) 

4.2.4.1 SAFY model assimilation using Differential Evolution (DE) algorithm 

Differential evolution (Storn & Price, 1997) is a well-known optimization approach that is 

utilized for real-valued functions with multiple dimensions. It employs a group of individual 

solutions and does not necessitate gradient information, allowing it to handle non-differentiable 

optimization problems. By keeping a set of candidate solutions (individuals) and merging them 

to generate a vector, the algorithm explores the design space (Georgioudakis & Plevris, 2020). 

This iterative process allows the algorithm to search for the optimal solution by iteratively 

improving the candidate solutions based on their performance. The individuals with the most 

favorable objective values are preserved for the following iteration, while those with inferior 

objective values are disregarded (Georgioudakis & Plevris, 2020). The process continues until 

a specific termination criterion is met.  

In this study, two methods of DE algorithm were used to optimize the six free parameters (D0, 

ELUE, SenA, SenB, Pla, and Plb) of the SAFY model using the S2-LAI data. The first method 

is known as the 'best1bin' approach, in which a new parameter solution is created by taking the 

difference between the best parameter solution in the current population and another randomly 

chosen parameter solution. This difference is then multiplied by a scaling factor and added to 

a third randomly chosen parameter solution to create the new parameter solution 

(Georgioudakis & Plevris, 2020). The second method is called the 'best2bin' method and it 

involves using two randomly chosen parameter solutions to create a new parameter solution. 

The difference between these two parameters is then multiplied by a scaling factor and added 

to the best parameter solution in the current population to create the new parameter solution 

(Georgioudakis & Plevris, 2020). Specifically, this algorithm was implemented in Python using 

the ‘differential_evolution’ function in the ‘scipy.optimize’ module. 

4.2.4.2 Initial attempt to select DE algorithm 

An initial attempt was made to select the DE approach to use in this study. To do these, fourteen 

(14) randomly selected cropfields consisting of rainfed and irrigated fields from the study area 
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were used to optimize all the six free parameters of the SAFY model in the first phase of the 

calibration using the best1bin and best2bin DE optimization algorithms.  The calibration was 

performed by minimizing the RMSE or cost function (Equation 3.9) between the SAFY 

simulated LAI and the S2-LAI  that has been smoothed. The algorithm starts by randomly 

initializing a population of parameter sets within the parameters value ranges and create a new 

trial vector by adding the information from multiple individuals in the population to the current 

parameter sets using a stochastic system. The algorithm proposes new parameter sets by 

randomly selecting one component from the trial vector (in the case of the best1bin method) 

and two components (in the case of the best2bin method) and then use the other components 

from the current parameter. The algorithm compares the cost function (Equation 3.9) of the 

new parameter set with the cost function of the current parameter set. In the end, if the new 

parameter set is better than the current parameter one, it makes a substitution and if it is not, 

the current parameter set will remain. The iterations are terminated when the cost function 

cannot be improved by 0.01 which is the tolerance value, or the cost function is evaluated for 

more than 10,000 times. The final result of the algorithm is the best optimal parameters that 

match the SAFY simulated LAI to the S2-LAI. Thereafter the best optimal parameters are used 

to simulate the LAI and wheat yield for the cropfields.  

 𝑅𝑀𝑆𝐸 = ට
∑ (௅஺ூ೘೚೏೐೗,೔ି௅஺ூೄమ,೔)మ೙

೔సభ

௡
                                                     (3.9)   

Where LAImodel is the LAI simulated by SAFY model and LAIS2 is the S2 LAI.                                         

The result obtained for the two methods shows that the S2-LAI are always captured in all the 

cropfield as shown in Figure 11a for one of the cropfields. However, the best1bin method was 

able to minimize the cost function better than the best2bin method with an average RMSE 

value of 0.18 and R2 value of 0.988 between the observed and simulated LAI across the 14 

selected cropfields (both rainfed and irrigated fields) compared to the best2bin method with an 

average RMSE value of 0.24 and R2 value of 0.978 as shown in Figure 11b respectively. In 

terms of simulated wheat yield, the best1bin method also gave a better result with an RMSE 

value of 1949 Kg/ha as shown in Figure 11c compared to the best2bin RMSE value of 1994 

Kg/ha respectively. However, it is important to note that the optimized parameters vary across 

the 14 cropfields which results in the underestimation of the wheat yield except for the 

emergence day (D0) which did not vary for all the cropfields.  With these results, DE with the 

best1bin strategy is selected for the calibration of the free parameters of SAFY model in this 

study. This initial calibration attempt indicates that a good simulation of LAI can be obtained 
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from the SAFY model. It is important to note that DOY 0 represents January 1, 2019, in the 

LAI timeseries. The results of this initial attempt for each of the fields and the two methods are 

attached in appendices A and B.  

         
 

         
Figure 11a: Result of the DE optimization using best1bin (top image) and best2bin (bottom 
image). 
 

           
Figure 11b: Scatterplot of the comparison between S2-LAI and simulated LAI for the fourteen 
(14) selected cropfields using best1bin (left image) and best2bin (right image). 
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Figure 11c: Scatterplot of the comparison between observed yield and simulated yield for the 
fourteen (14) selected cropfields using best1bin (left image) and best2bin (right image). 

4.2.4.3 Sensitivity analysis  

To assess the significance of the free parameters in the SAFY model and their relationships, a 

sensitivity analysis was carried out using one-dimensional techniques. The comparison was 

made between the LAI simulated by the SAFY model and S2-LAI on 14 cropfields, with a 

specific emphasis on one or two of the six free parameters that affect the LAI time-series. Only 

one parameter was adjusted at a time during the one-dimensional sensitivity analysis, and the 

other five parameters were left at their optimal values for the cropfield. The target parameter 

was changed between -50% and +50% of its optimal value. The results of the analysis are 

shown in Figure 12 as differences between the SAFY model simulated LAI and S2-LAI on the 

14 cropfields. The sensitivity was evaluated based on the maximum value of the root mean 

square error over the range of parameter variation. The results of the sensitivity analysis 

indicate that the effective light-use efficiency (ELUE) parameter is the most sensitive, followed 

by the parameter controlling the temperature threshold for the start of senescence (SenA), and 

the partition-to-leave function parameters (Pla and Plb). The day of plant emergence (D0) 

parameter was found to be moderately sensitive, while the rate of senescence (SenB) parameter 

was the least sensitive. 
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Figure 12: The outcomes of the one-dimensional sensitivity analysis for one cropfield. Each 
subplot corresponds to a specific targeted parameter, as indicated by the title. The plot displays 
the root mean square error (RMSE) between the LAI simulated by the SAFY model and the 
S2-LAI values for each of the six parameters that influence the LAI time-series. The parameter 
in each subplot is varied within the range of ±50% around its optimal value found in the initial 
simulation. 

4.2.4.4 Day of plant emergence (D0) trials  

Since the information about the agricultural practices of the wheat crop grown in the study area 

was not available by cropfield, it is important to know this parameter so as to enable the model 

to simulate a better estimate of LAI and wheat yield. The initial calibration attempt on the 14 

cropfields shows that the day of plant emergence was found constant for all the fields. With 

this non-variation, a test trial was conducted to determine the optimal day of plant emergence, 

and this was conducted by fixing the day of emergence to be 60, 65, 70, and 75 in the model 

while the remaining parameters were optimized. The result obtained from the trials shows that 

emergence day at 65 gave a better yield result with the least RMSE value of 1937 Kg/ha 

between the simulated and observed wheat yield compared to when the day of plant emergence 

is fixed at day 60 (RMSE value of 1992 Kg/ha), day 70 (RMSE value of 1963 Kg/ha), and day 

75 (RMSE value of 1943 Kg/ha). Thus, the day of plant emergence (D0) parameter is fixed at 

day 65 (which is equivalent to Dec. 18, 2018) in this study. The result of these trials is shown 

in Figure 13. 
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Figure 13: Variation of the day of emergence across the cropfield. 

4.2.4.5 Estimation of LAI and wheat yield  

With the day of plant emergence (D0) identified and fixed for the cropfields, the remaining free 

parameters (ELUE, SenA, SenB, Pla, and Plb) were optimized for all the 643 cropfields 

(consisting of 557 rainfed cropfields and 86 irrigated cropfields) as these parameters vary field 

by field due to the agricultural practices and wheat varieties. The optimization was run for the 

rainfed and irrigated field separately with the objective of minimizing the RMSE between the 

LAI simulated by the model and S2-LAI to get the optimal values of the five free parameters 

of the SAFY model. The optimization process was the same as the one applied to the 14 

cropfields (based on DE with best1bin strategy) but generalized to all the cropfields.  

To obtain the wheat yield, another parameter that is important is the grain filling factor which 

relates the above-ground biomass to the yield when the crops are harvested. Studies indicate 

that the harvest index grain filling factor of wheat typically ranges from 0.45 to 0.55 when 

grown under normal conditions (Ma et al., 2022; Raes et al., 2009). However, the application 

of irrigation, nitrogen fertilizers, or the presence of diseases can either increase or decrease the 
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grain filling factor, depending on the timing and severity of these conditions (Ma et al, 2022). 

In adverse conditions, the grain filling factor can be significantly reduced to a range of 0.005-

0.3, which is an important factor to consider when estimating crop yield using the optimal value 

(Ma et al., 2022; Han et al., 2021). So, in this study, the grain filling factor of 0.051 was used 

as most of the cropfield in Spain are rainfed cropfield.  

4.2.4.6 Linear regression model between the wheat yield and LAI 

The possibility of combining RS data with yield in order to make a model was investigated. 

We utilized the maximum S2-LAI values obtained for each cropfield and randomly selected 

half of the dataset (n = 322) to establish a linear regression model with the field-measured 

wheat yield, as shown in Figure 14. The results indicate a moderate correlation between the 

maximum S2-LAI and the field-measured wheat yield, with an R2 value of 0.320. To validate 

the regression model, the remaining half of the dataset (n = 321) that are maximum LAI 

simulated by SAFY model was employed. Thereafter, the estimated wheat yield using the 

maximum LAI was compared with the estimated wheat yield by the SAFY model.   

 
Figure 14: Relationship between field measured wheat yield and the S2-LAI 

4.2.5 Validation and accuracy assessment of SAFY model 

The performance of the SAFY model was assessed in relation to the field measured yield data 

(statistical yield data) using two statistical metrics which are the RMSE and coefficient of R2. 

The RMSE is a statistical metric that provides a quantitative estimate of the model’s output 

difference from observation by evaluating the root square of the average of the difference 

between predicted values (YModel) and measured values (YObs) (Novelli & Vuolo, 2019) as 

shown in Equation 3.10. In this study, YModel is the wheat yield predicted by the SAFY model, 

YObs is the field-measured yield, and n is the total number of cropfields. If the RMSE value is 

small, the model did a good job of predicting wheat yield; if the error is large, the model did 
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poorly. In this study, the RMSE is calculated in units of kg/ha (kilograms per hectare) because 

the field-measured yield data, is provided in the same units. The R2 (Equation 3.11) of linear 

regression is another statistical metric that expresses the proportion of variation in the measured 

data that is explained by the variation in the predicted data (Novelli & Vuolo, 2019). The R2 

value is between 0 and 1, with a value of 1 indicating a strong linear relationship between the 

predicted variable and observed variable while a value of 0 indicates no linear relationship 

between the predicted and observed variables. The predicted variable can be considered a good 

fit for the observed variable if the R2 value is close to 1. Nevertheless, it should also be noted 

that a good linear relationship can also be found between the predicted and observed variables 

at low R2 values based on the context of the study.    

𝑅𝑀𝑆𝐸 = ට
∑ (௒ಾ೚೏೐೗ି௒ೀ್ೞ,)

మ೙
೔సభ

௡
       (3.10) 

𝑅ଶ = 1 −
∑ (௒ೀ್ೞ,೔ି௒ಾ೚೏೐೗,೔)మ೙

೔సభ

∑ ൫௒ೀ್ೞ,೔ି௒ೀ್ೞ,೔൯
మ೙

೔సభ

       (3.11) 

Furthermore, the F-statistics in Equation 3.12 was used to determine the statistical significance 

of the SAFY model performance results for yield estimation with and without assimilation of 

RS data. This assessment is based on the R2 values obtained from the three model simulation 

cases. Then, the p-value for the calculated F is determined using a F-distribution calculator 

(https://www.statology.org/f-distribution-calculator/). The hypothesis testing is stated below. 

𝐻0 = The accuracy of yield estimation with the assimilation of RS data in the SAFY model is 

equal to the accuracy of yield estimation without the assimilation of RS data in the SAFY 

model 

𝐻1 = The accuracy of yield estimation with the assimilation of RS data in the SAFY model 

significantly improves compared to the accuracy of yield estimation without the assimilation 

of RS data in the SAFY model. 

The decision rule is that, if the calculated p-value is less than 0.05 significant level (95% 

confidence level), we reject the H0 and accept the H1 

𝐹 =  
ோೌ

మି ோ್
మ ௣ି௤ൗ

(ଵି ோೌ
మ (௡ି(௣ାଵ))⁄

         (3.12)               

Where 𝑅௔
ଶ is the R2 value obtained with the assimilation of RS data, 𝑅௕

ଶ is the R2 value obtained 

without the assimilation of RS data, p and q is the number of independent variables in the 

model, and n is the number of observations. 
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5. RESULTS AND DISCUSSION 

This chapter gives the SAFY model's performance assessment results, obtained from the 

methods described in Chapter 4. Three major sections, each reporting on a different aspect of 

the model's performance, make up the chapter. The initial simulation of the LAI and wheat 

yield using the SAFY model is covered in the first section without the use of remote sensing 

biophysical variables. This offers a starting point for evaluating the model's performance after 

incorporating remote sensing data. The SAFY model's simulation of LAI and wheat yield with 

the integration of remote sensing biophysical variables is the main topic of the second section. 

The results of the model's performance after the addition of this new data are presented in this 

section. The chapter ends with a thorough explanation of the SAFY model's accuracy 

assessment and a comparison of its performance with prior research in the field, then the 

empirical model analysis. This offers a thorough assessment of the model's functionality and 

potential for use in various research fields. 

5.1 SAFY model simulation without assimilation of biophysical variable 

Figure 15 shows a sample LAI simulation phenology for a rainfed and irrigated cropfield using 

the meteorological time-series data and default parameter in the SAFY model. Comparison 

with the S2-LAI time-series shows that the model was not able to simulate the dynamics of 

wheat LAI as the pattern does not conform with each other. Figure 16 and 17 shows the SAFY 

model predicted yield without assimilation for rainfed, irrigated, and a combination of both 

cropfields. The R2 values indicate that there is no correlation between the observed and 

simulated wheat yield as the model could not be able to predict the yield with respect to reality. 

The RMSE value obtained is 1325 kg/ha, 3289 kg/ha, and 1722 kg/ha for rainfed, irrigated, 

and a combination of both types respectively. These findings point to a significant discrepancy 

between the measured and predicted yields, which can be explained by the SAFY model's 

misrepresentation of leaf phenology in reality (based on the premise that S2-LAI represents 

reality). As a result, the predicted yield does not agree with the crop's measured yield which 

prompted the need to improve the model estimation with the assimilation of remote sensing 

biophysical variables. 
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Figure 15: Sample LAI simulation without calibration for a rainfed cropfield (image on the 
left) and an irrigated cropfield (image on the right). 
 

          
Figure 16: Scatterplot of the comparison between field measured and simulated wheat yield 
without assimilation of S2-LAI for rainfed cropfield (image on the left) and irrigated cropfield 
(image on the right). 

 
Figure 17: Scatterplot of the comparison between field measured and simulated yield without 
assimilation of S2-LAI for all the cropfield. 
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5.2 SAFY model simulation with the assimilation of S2-LAI 

Figure 18 shows the LAI simulation for a rainfed cropfield and irrigated cropfield after the 

calibration of the model free parameters with S2-LAI. Comparison with the S2-LAI (which is 

used as the observed LAI) shows that the model was able to simulate the wheat crop phenology 

as indicated by the S2-LAI. In Figures 19 and 20, scatter plots of the simulated LAI and RS-

LAI derived from S2 imagery for 2019 were generated for rainfed, irrigated, and a combination 

of both rainfed and irrigated wheat cropfield respectively. The R2 value obtained for the 

rainfed, irrigated, and combination of both rainfed and irrigated wheat cropfields are 0.956, 

0.982, and 0.967, and the RMSE value obtained are 0.197, 0.222, and 0.201 respectively. These 

findings demonstrate a good correlation between observed and simulated LAI values 

suggesting that integrating remote sensing data into the SAFY model improves the accuracy of 

estimating wheat LAI trajectory. This indicates the capacity of our approach to adjust the SAFY 

model parameters at the field level to represent the effect of the local growing conditions. 

         
Figure 18: Sample LAI simulation after calibration for a rainfed cropfield (image on the left) 
and an irrigated cropfield (image on the right). 

           
Figure 19: SAFY simulated LAI for rainfed cropfield (image on the left) and irrigated cropfield 
(image on the right) after assimilation. 
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Figure 20: SAFY simulated LAI for all the wheat cropfield after assimilation. 

Figure 21 and 22 illustrates the scatter plots of the comparison between the measured and 

predicted wheat yield for rainfed, irrigated, and a combination of both, after the assimilation of 

S2-LAI. The estimated R2 values are 0.292, 0.152, and 0.378, for rainfed, irrigated, and a 

combination of both cropfield respectively. The RMSE obtained are 744 kg/ha, 1786 kg/ha, 

and 952 kg/ha. The results obtained show that the model estimation improves significantly after 

the assimilation of S2-LAI with the estimated yield having a moderate correlation with the 

observed yield likewise the huge discrepancy observed between the observed and simulated 

yield without S2-LAI assimilation has reduced. The R2 values indicate statistical significance, 

and the RMSE values are halved with the assimilation of S2-LAI compared to without 

assimilation. 

However, it is evident from Figures 21 and 22 that the SAFY model tends to overestimate 

wheat yields in cropfields with lower yields and underestimates yields in cropfields with higher 

yields, respectively. These limitations arise due to the simplicity of the yield estimation model 

used, which does not adequately account for the impact of environmental stress on crop yields. 

As a result, it lacks sensitivity in capturing the effects of agro-environmental stress on winter 

wheat yields, leading to overestimation or underestimation of the actual yields (Han et al., 

2021; Chahbi et al., 2014).  

Figure 21 also clearly illustrates the superior performance of the SAFY model in rainfed 

cropfields compared to irrigated cropfields. This can be attributed to the fact that crop growth 

in rainfed conditions is more sensitive to water stress than in irrigated conditions. As a result, 
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the SAFY model with S2-LAI shows better accuracy in simulating the development stages of 

wheat in rainfed cropfields, leading to more precise estimates of wheat yield. Additionally, the 

SAFY model accuracy in predicting wheat yield in irrigated cropfields is low as the water 

availability effect well captured by the S2-LAI does not take into account the specific drivers 

that contribute to the yield differences. The model's ability to accurately represent the 

distinctive dynamics and productivity potential associated with irrigated conditions is 

hampered by the absence of irrigation-related factors in its calculations. Figure 22 also displays 

the overall performance of the SAFY model in simulating wheat yield, combining rainfed and 

irrigated cropfields. It can be seen that the two estimates seem to be moderately correlated and 

most of the cropfields with low observed yield value are closer to the 1:1 line while the 

cropfields with high observed yield value are far from the 1:1 line. The average estimated yield 

of 2122 kg/ha exhibited a reasonable deviation from the observed yield of 2571 kg/ha. 

Although the estimated yield displayed a limited range of deviation compared to the observed 

yield, the SAFY model successfully depicted the lower observed yield values, primarily 

observed in rainfed cropfields. However, the model tended to underestimate the observed yield 

values that were higher, mostly observed in irrigated cropfields.  

       
Figure 21: Scatterplot of the comparison between field measured and simulated wheat yield 
with assimilation of S2-LAI for rainfed cropfield (image on the left) and irrigated cropfield 
(image on the right). 
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Figure 22: Scatterplot of the comparison between field measured and simulated yield with 
assimilation of S2-LAI for all the cropfield. 

Figures 23 to 25 illustrate the scatterplot of the relationship between the SAFY model predicted 

wheat yield and the maximum value of S2-LAI for the cropfield with and without assimilation 

of LAI. It can be seen that the estimated yield and maximum S2-LAI were moderately 

correlated for the rainfed, irrigated, and combination of both cropfields with R2 values of 0.245, 

0.279, and 0.36 respectively with the assimilation of LAI (images on the right) while there is 

no correlation between the estimated yield and maximum S2-LAI for the rainfed, irrigated, and 

combination of both cropfields with R2 values of 0.007, 0.068, 0.016 respectively without the 

assimilation of LAI (images on the left).  

       
Figure 23: Scatterplot of the relationship between simulated yield and maximum S2-LAI with 
(image on the right) and without (image on left) assimilation for rainfed cropfield. 
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Figure 24: Scatterplot of the relationship between simulated yield and maximum S2-LAI with 
(image on the right) and without (image on left) assimilation for irrigated cropfield. 

        
Figure 25: Scatterplot of the relationship between simulated yield and maximum S2-LAI with 
(image on the right) and without (image on left) assimilation for all wheat cropfield. 

Figure 26 shows the relationship between the field-measured wheat yield and the estimated 

wheat yield using S2-LAI. The results indicate a moderate correlation between the two yields, 

with R2 values of 0.321 and 0.411 for the calibration and validation cropfields, respectively. 

Moreso, the RMSE values are 869 kg/ha and 795 kg/ha respectively. It can be observed that 

the RMSE value for the validation cropfields is slightly lower than that of the calibration fields. 

This difference could be attributed to the fact that cropfields with maximum high LAI values 

simulated by the SAFY model are more in the validation fields than the calibration fields.  
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Figure 26: Scatterplot of the relationship between the field measured yield and estimated yield 
on calibration field (image on left) and validation field (image on right) using linear regression 
analysis. 

Figure 27 presents a comparison between the yield estimated using the S2-LAI relationship 

with the field-measured yield and the yield estimated through the assimilation of S2-LAI in the 

SAFY model. The results indicate a moderate correlation between the two estimations, with an 

R2 value of 0.380 and an RMSE value of 796 Kg/ha. However, it is evident that there exists an 

imbalance between the estimated yield by the SAFY model and the estimated yield by the 

linear regression model on certain cropfields. This discrepancy can be attributed to the yield 

data that was used in making the regression model which is not of high quality and also the 

variations in agricultural conditions within each cropfields. In addition, the limitation of the 

SAFY model to underestimate high wheat yield values and overestimate low yield values also 

contributed to the difference.  

 
Figure 27: Comparison between yield estimated by S2-LAI and yield estimated by assimilation 
of LAI in the SAFY model. 
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Table 3 shows the summary of the SAFY model performance evaluation with and without 

assimilation. It includes the p-values obtained through the statistical significance testing for the 

three model simulation cases. The p-values are 0.00001, 0.00123, and 0.00001 respectively. 

Based on these results, the null hypothesis H0 was rejected for all three model simulation cases 

and we conclude that the accuracy of yield estimation with the assimilation of RS data in the 

SAFY model significantly improves compared to the accuracy of yield estimation without the 

assimilation of RS data in the SAFY model.  

Table 3: Summary of the SAFY model performance evaluation 
  SAFY without 

assimilation 
SAFY with assimilation P-value 

Cropfield N RMSE (Kg/ha) R2 RMSE (Kg/ha) R2  

Rainfed 557 1325 0.003 744 0.292 0.00001 

Irrigated 86 3289 0.040 1786 0.152 0.00123 

Combination of 
rainfed and 

irrigated 

643 1722 0.008 952 0.378 0.00001 

5.3 Discussion and comparison with prior research 

The initial phase of this thesis involved incorporating meteorological time-series data into the 

SAFY model to estimate wheat yield and leaf area index (LAI). The findings presented in 

Figures 15 to 17 clearly demonstrate that, on the whole, the model tends to inaccurately 

represent the phenology of wheat LAI and underestimates wheat yield. When comparing the 

predicted and actual yield values, it became evident that the number of underestimated yield 

values is more than the overestimated ones, especially for yield values ranging from 2000 to 

7000 kg/ha. In this range, the error exceeded the average RMSE. The substantial discrepancy 

arises from the SAFY model's inability to accurately capture the dynamics of wheat phenology 

as reflected in the LAI compared to real-world observations.  

It is important to mention that the estimation of the biophysical variable, LAI, in this study 

relied on a neural network algorithm. However, due to the unavailability of ground 

measurements, it was not possible to verify the accuracy of the LAI estimates. Consequently, 

since the LAI estimation was intended for assimilation purposes in yield estimation, it is 

plausible that errors in the LAI estimates could have influenced the results of the assimilation 

process. However, the smoothness of the retrieved LAI along the season illustrates the low 
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noise level produced by the BV-NET algorithm. Furthermore, Delloye et al. (2019) have 

conducted a precise validation of the retrieved LAI, specifically for wheat. These results imply 

that field-based LAI measurements may exhibit a comparable level of error to the remotely 

sensed LAI. 

Previous studies, such as those conducted by Ma et al. (2022) and Han et al. (2021), have 

reported that incorporating remote sensing LAI into crop yield models through assimilation 

methods leads to improved estimates of wheat yield. Ma et al. (2022) assert that the SAFY 

model has a significant advantage over more complex models like WOFOST and AquaCrop. 

It offers a more straightforward method for crop growth modelling, effectively addressing the 

drawbacks of other models' complex parameterization. SAFY manages to retain the main 

benefits of crop growth models while making the process easier to use and more adaptable to 

a variety of situations.  

In this research, we employed daily time-series RS-LAI data derived from S2 imagery for each 

crop field and utilized the DE optimization algorithm to optimize the free parameters in the 

SAFY model. The results, as depicted in Figure 18, illustrate an excellent agreement between 

the time-series of SAFY-simulated LAI and the S2-LAI data. Figures 19 and 20 present a 

comparison of the results for rainfed, irrigated, and combined crop fields. It is observed that a 

good relationship exists between the two data in all scenarios. Moreover, for the combined 

rainfed and irrigated crop fields, the average R2 and RMSE of the LAI were found to be 0.967 

and 0.201, respectively. These findings indicate that the SAFY model is capable of accurately 

simulating the seasonal pattern of LAI, thus validating the optimization method and the 

accuracy of the phenological parameters which were calibrated in this study.  

The accuracy of the LAI simulations obtained in this study also aligns with a previous 

investigation conducted by Dong et al. (2016), which reported an R2 of 0.96 and an RMSE of 

0.23 when assimilating LAI derived from remote sensing data into the SAFY model.  

Figure 21 and 22 depicts the comparison between the actual and estimated yield. The results 

indicate that the assimilation of the S2-LAI in the model slightly improved the wheat yield 

estimation with respect to the R2 and RMSE values compared to without assimilation. The 

actual wheat yield data ranged from 1100 to 6500 kg/ha compared to the SAFY simulated yield 

that ranged from 1016 to 6083 kg/ha. However, the variation seen in the actual wheat yield 

data was not sufficiently accounted for by the SAFY model as shown in Figure 22. As a result, 

the model tends to overestimate the low yield and underestimate the high yield value. A similar 
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situation was also reported by Han et al. (2021). The overall estimated wheat yield in this study 

shows a moderate agreement with the actual wheat yield data with an R2 value of 0.38 and 

RMSE of 952 kg/ha. This suggests that the SAFY crop growth model, when coupled with 

remote sensing biophysical variables, has the potential to be used for predicting wheat yield. 

Despite the fact that the model could not account for the variation within the cropfield in this 

study, the correlation agreement and estimation error showed improved performance in 

comparison to earlier studies that made use of the SAFY model to predict wheat yield as shown 

in Table 4.  

The results shown in Figure 27 demonstrate a moderate agreement between the yield estimates 

obtained by the linear regression model and the SAFY model. The average estimated yield 

obtained from the regression model is 2530 Kg/ha, which is close to the average observed yield 

of 2571 Kg/ha, while the SAFY model produces an average estimated yield of 2122 Kg/ha. 

Furthermore, the regression model could also not effectively account for the variability in the 

field-measured yield with the estimated yield in the range of 1499 to 5455 kg/ha. Thus, the 

model also tends to overestimate the low wheat yield values and underestimate the high yield 

values as seen in Figure 26.  

The obtained P-values from the F-statistics also provide evidence of the statistical significance 

of the SAFY model's performance when assimilating remote sensing data. These results further 

validate the model's capability to effectively improve yield estimation in the study area. 

Table 4: Performance in terms of correlation and estimation error between this study and earlier 
studies that focused on wheat yield estimation using SAFY model 

Reference EO source R2 RMSE (kg/ha) Yield range (kg/ha) 

Han et al. (2021) MODIS 0.30  2500 - 10500 

Manivasagam et al. 

(2021) 

S2 0.35 880 3110 - 8010 

Gaso et al. (2019) Landsat-7 ETM 

and Landsat-8 OLI 

0.11 1532 1600 - 5600 

Silvestro et al. 

(2017) 

HJ1A/B, Landsat-8 

OLI 

 1090 2500 - 8500 

Dong et al. (2016) 

(biomass) 

Landsat-8 OLI and 

MODIS 

 1760 - 2310 3000 - 16000 
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The findings of this study highlight that S2 satellite data offers high spatial and temporal 

information that can be utilized to derive crop variables, such as LAI. Incorporating this derived 

LAI data into the SAFY model has shown potential for enhancing the estimation of wheat yield. 

However, there are likely four reasons that contributed to the low R2 value obtained in this 

study and also the underestimation and overestimation of some yield values: (1) The day of 

plant emergence (D0) used in this research is not exactly the one observed in the field and can 

affect the model estimation as agricultural conditions vary field by field. It would have been 

helpful to derive this information from the EO for each cropfield to simulate the crop yield 

because the growth of the late crop and the proportion of early emergence can both be 

significantly impacted by choosing a day that is either a bit early or late for the crop (Ma et al., 

2022).   

(2) The model does not incorporate all the impacts of environmental stresses on crop yield 

(except temperature) and management practices and this may result in the poor performance of 

the model (Manivasagam et al., 2021). It would have also been helpful to have the management 

information for the cropfields as this could provide further insights into crop performance and 

yield estimation, however, this study was limited by the unavailability of these data for 

inclusive analysis. 

 (3) The yield data utilized in this study were pre-processed to enhance their quality. It is 

important to note that these in-situ measurements were not considered perfect due to the 

methods used in estimating the yield, which are prone to errors. These methods include eye 

estimation, counting and weighing of spikes, and counting of spikes and grains. Additionally, 

only few of the cropfields yield information were provided directly by the farmers. To mitigate 

the potential influence of heterogeneous field conditions, yield data with significant variability 

were identified and excluded based on the maximum S2-LAI. However, it is important to note 

that all errors were not removed by the outlier test that was conducted, which may have resulted 

in bias in the statistical yield results, particularly in relation to the yield validation data. 

Specifically, the presence of this residual bias increased the variation between the actual and 

estimated yield. Additionally, the limitations of S2 image pixels in capturing small field 

features may have also contributed to this variation since farmer information on crop cutting 

of 1m2 is not necessarily representative of a whole field.  

(4) This study used the differential evolution algorithm to assimilate the LAI and optimize the 

free parameters in the SAFY model by minimizing the error between the S2-LAI and SAFY 
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simulated LAI. Future research could investigate the assimilation of LAI and utilize yield data 

to optimize the SAFY model parameters using popular optimization algorithms like particle 

swarm optimization (PSO), Markov-chain Monte Carlo (MCMC) optimization, and data 

assimilation method by forcing and updating method which will require having field measured 

data. 
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6. CONCLUSION 

This master's thesis focused on improving wheat yield estimation by assimilating remote 

sensing biophysical variables, specifically LAI derived from S2 satellite images for the year 

2019, into the SAFY model. Prior to the assimilation of LAI, meteorological time-series data 

was ingested into the model to estimate wheat yield for rainfed, irrigated, and a combination 

of both cropfields. However, the results showed that the model was ineffective to depict the 

wheat phenology. The comparison between the actual and simulated yield values shows no 

correlation for the three model simulation cases, primarily due to the misrepresentation of the 

wheat phenology and non-representativeness of the default parameters with respect to the 

simulation. To address this limitation, assimilation of LAI retrieved from S2 images was 

performed, utilizing the differential evolution algorithm to optimize six free parameters and 

minimize the error between the remotely sensed LAI and the SAFY simulated LAI. 

Following the assimilation process, the results showed significant improvements for the three 

model simulation cases. The SAFY model, when integrated with the remote sensing LAI, 

demonstrated the capability to accurately simulate the dynamic range of LAI and capture the 

seasonal phenology of the wheat crop. Then, a linear relationship between the remote sensing 

LAI and field-measured yield is established. The result indicates a moderate correlation 

between the two variables. Validation of the analysis using the LAI simulated by the SAFY 

model reveals that this method is also suitable for estimating crop yield. 

Although some limitations remained, such as the model's inability to capture the variation in 

the actual wheat yield data and account for environmental stress effects, the SAFY model 

showed good performance and consistency with previous research that adopt the model in 

estimating wheat yield. It should be noted that further investigation is required to examine the 

impact of irrigation situations on the grain filling factor as this was not considered in this 

research and other factors such as soil characteristics and management practices which 

influence yield production should be considered for future work. In spite of this, utilising the 

remote sensing technology with crop growth models was proved efficient by this research to 

improve the estimation of wheat yield at field level. 
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Appendix A: LAI simulation for selected cropfields using the best1bin DE method 
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Appendix B: LAI simulation for selected cropfields using the best2bin DE method 
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Appendix C: Wheat yield and maximum LAI obtained for each cropfield 

 
Figure C.1: Scatterplot of the relationship between all wheat yield data and maximum 
smoothed LAI. 
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Improving wheat crop yield estimation by assimilation of remote sensing 
biophysical variable in the Simple Algorithm for Yield Estimation (SAFY) 
model:  A case study of Spain              

Ibrahim Raufu 
 
Reliable crop yield estimation is fundamental for effective agricultural 

management and food security. However, conventional methods such as crop-

cutting trials and household surveys are expensive, time-consuming, and 

labour-intensive. In this master’s thesis, we adopt the use of biophysical 

variables retrieved from high spatial and temporal resolution remote sensing 

data, particularly Sentinel-2 (S2), coupled with the Simple Algorithm for Yield 

estimation (SAFY) model to improve the estimation of wheat yield at the field 

level in the regions of Castile and Leon and Castile-La Mancha in Spain. 

Initially, we used meteorological time-series data to estimate wheat yield for 

rainfed, irrigated, and combined cropfields. However, our findings revealed that 

the model could not adequately capture the wheat phenology, leading to an 

underestimation of the yield. Due to the lack of correlation between the 

estimated and field-measured wheat yield, the Root Mean Square Error 

(RMSE) values of 1325 kg/ha, 3289 kg/ha, and 1722 kg/ha were obtained for 

the three model simulation cases. To address this limitation, we improved the 

model performance by assimilating S2 derived leaf area index (LAI) into the 

SAFY model to optimize six free parameters using the Differential Evolution 

(DE) algorithm. The results showed a moderate correlation and improved 

wheat yield estimation for rainfed (R2 = 0.292 and RMSE = 744 kg/ha), irrigated 

(R2 = 0.152 and RMSE = 1786 kg/ha), and combined cropfields (R2 = 0.378 

and RMSE = 952 kg/ha). Overall, the research results demonstrate the 

potential of high-resolution remote sensing data in conjunction with a simple 

crop model for improving crop yield estimation at the field level. 
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