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Abstract 

Crop yield predictions are essential to anticipate production volumes, reduce price volatility, and 

optimize logistics, among other purposes. Currently, one of the most widespread methods for 

building these predictions is based on the use of remote sensing, which provides spectral crop data 

in a rapid, precise, and non-destructive manner. Since early 1970s, multiple frameworks have 

emerged to integrate spectral data into crop yield prediction models. In this thesis, we revisited 

these frameworks and discussed their strengths and limitations. We have structured this thesis as 

follows. The first chapter focused on presenting the topic and main objectives of the thesis. The 

second chapter synthesized existing frameworks for crop yield prediction based on remotely-

sensed spectral data. We described different groups and subgroups and discussed three key aspects 

for crop yield prediction frameworks: 1) data requirements for calibration, 2) trade-off between 

interpretability and predictive power, and 3) spatio-temporal transferability. The groups ranged 

from models directly based on remotely-sensed spectral data—whether simple or machine 

learning-based—to those that rely on derived biophysical variables, such as leaf area index, which 

can be later assimilated into crop simulation models. The third chapter applied this knowledge to 

a specific case, evaluating the spatio-temporal transferability of wheat (Triticum aestivum L.) yield 

prediction models at the field-scale, only requiring sowing date and location as user inputs. We 

used a dataset of 5,265 wheat fields in Argentina (2018–2023) including yield, sowing date, 

location, and model-estimated phenology. By integrating satellite-derived absorbed radiation with 

weather variables, we developed Elastic-Net models to predict yield from 50 days before anthesis 

to 20 days after. The lowest predictive error in non-transfer models occurred at anthesis, 

approximately 50 days before harvest (0.61 t ha-1; 16%). When transferred, models maintained 

accuracy in unknown years, but lost accuracy in unknown regions. Additionally, we simulated 



  

operational conditions by forecasting yield in future years using models trained only on previous 

years, obtaining a median error of 0.67 t ha⁻¹ (17%). We discussed model transfer errors in the 

context of absorbed radiation-to-yield conversion efficiency, which appeared to vary more across 

regions than years. Finally, in the fourth chapter, we provided the final remarks and offered insights 

to improve yield prediction models for real-world applications. 

Keywords: forecast; estimation; optical data; vegetation index; NDVI  
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1. General introduction 

Predicting crop yields has been a necessity throughout history. As early as 3,000 B.C., ancient 

Egyptians used instruments known as “nilometers” to measure the annual flooding of the Nile, 

which allowed them to predict soil fertility and thus the yield of crops such as wheat and barley. 

These estimates were crucial for administrative purposes, as they facilitated the prediction of 

famines, the mitigation of flood-related disasters, and the determination of tax levels (Ardagh, 

1889). Although methods have evolved, the need for accurate yield predictions remains essential 

(Basso & Liu, 2019). 

These predictions serve as key inputs for decision-making at different levels of the agri-food 

supply chain (Benami et al., 2021; Fritz et al., 2019; Schauberger et al., 2020). At the regional 

scale, early warning systems help governments and NGOs identify vulnerable areas and optimize 

resource allocation. At the field scale, they enable farmers to assess the feasibility of agronomic 

interventions and to make logistical and commercial decisions, such as harvest planning or forward 

grain sales. At an even finer scale, within the field itself, yield predictions help to identify spatial 

variability, define management zones and increase the efficiency of input use. In addition, 

predictions from past growing seasons allow for the identification of yield-determining factors and 

the quantification of the gap between actual and potential yields (Lobell et al., 2013). 

There are several methods for predicting crop yields. At the regional scale, models primarily 

rely on correlations between yield and weather or satellite data but often incorporate subjective 

information, such as expert opinion (Fritz et al., 2019). At the field scale, crop simulation models 

predict yield based on detailed data on weather, soil, genotype, and agronomic management (Soler 

et al., 2007). However, the availability of such data is often limited, which may restrict their 

applicability. In this context, remote sensing has gained prominence as it enables the rapid, precise, 
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and non-destructive assessment of crop conditions, making it the main tool for yield prediction 

today (Basso & Liu, 2019). 

Data from remote sensors can be incorporated into yield prediction models in a number of 

ways. These sensors rely on the interaction between incident radiation and actively growing 

vegetation, which absorbs and reflects radiation differently depending on the portion of the 

electromagnetic spectrum (Sellers, 1987). For example, vegetation absorbs most of the radiation 

in the visible spectrum (400-700 nm) and primarily reflects in the near infrared (750-850 nm). 

These optical properties allow remote sensors to be used to quantify crop condition based on 

vegetation indices (VIs, Zeng et al., 2022), which can be used directly in empirical models to 

predict yield (e.g., Bolton & Friedl, 2013) or to estimate biophysical variables that are 

subsequently integrated into crop simulation models (e.g., leaf area index, Huang et al., 2015). In 

addition, advances in programming, statistics and computing have facilitated the adoption of 

machine learning algorithms, which have increased predictive power (e.g., Cai et al., 2019). As a 

result, a wide range of remotely-sensed yield prediction frameworks have been developed in recent 

years, ranging from simple correlations with VIs to the assimilation of biophysical variables into 

simulation models, as well as complex machine learning algorithms. 

Due to this diversity, the general objective of this thesis was to revisit existing frameworks for 

crop yield prediction using remote sensing. To achieve this, we have structured this thesis into the 

following chapters, each aligning with specific objectives. In the second chapter, our objective was 

to provide a synthesis on existing frameworks for crop yield prediction based on remotely-sensed 

spectral data. We described and exemplified the main groups of frameworks and discussed three 

fundamental aspects common to all: the data required for model calibration, the trade-off between 

interpretability and predictive power, and their spatio-temporal transferability. In the third chapter, 
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we applied these concepts to a specific case study. Here, our objective was to assess the spatio-

temporal transferability of field-scale wheat yield prediction models that require only the sowing 

date and location as user inputs. To this end, we used a dataset of 5,265 wheat fields in Argentina 

(2018-2023) to develop Elastic-Net models driven primarily by satellite-derived absorbed 

radiation, supplemented by weather inputs. Then, we transferred these models to unknown regions 

and years and assessed their predictive performance. Finally, in the fourth chapter, we summarized 

the main findings of the thesis and discussed future research challenges related to remotely-sensed 

crop yield prediction models. 
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2. Revisiting frameworks for crop yield prediction with 

remotely-sensed spectral data 

Abstract 

Crop yield predictions are a key input for decision-making across stakeholders in the agri-food 

supply chain. Currently, these predictions mostly rely on remotely-sensed spectral data. The 

integration of these data into predictive models began in the 1970s, leading to the development of 

multiple frameworks, each with its own strengths and limitations. In this study, we provide a 

comparative synthesis of these frameworks. We identified three main groups: (1) models based 

directly on spectral data, mainly vegetation indices, subdivided into simple statistical models and 

machine learning models; (2) models based on derived biophysical variables, distinguishing 

between empirical models and based on resource capture and use efficiencies; and (3) models 

integrating spectral data with crop simulation models, including data assimilation, metamodel 

calibration, and hybrid approaches. These frameworks were analyzed in terms of data 

requirements, interpretability, predictive power, and spatio-temporal transferability. Rather than 

advocating for a single best framework, we emphasize that the optimal choice depends on research 

objectives, available data, and expertise. This structured synthesis provides insights into the 

strengths and limitations of different approaches, helping guide future improvements in crop yield 

prediction models. 
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Introduction 

Accurate crop yield predictions are crucial for achieving food security, and multiple methods have 

been explored for this purpose. At regional scale, governments combine field sampling and farmer 

survey data to estimate yield before harvest (Nandram et al., 2014). At this scale, yield has also 

been correlated with weather variables (Nichols, 1985; Thompson, 1969). At field scale, crop 

simulation models predict yield based on detailed soil, weather, genotype, and management data 

(Chipanshi et al., 1997; Soler et al., 2007) and can be adapted to regional scales by assuming 

representative conditions (Manivasagam & Rozenstein, 2020). Today, remote sensing is the most 

widely used tool at both field- and regional-scales, and its integration with other data sources, such 

as weather or simulations models, enables the development of different frameworks for yield 

prediction (Box 2.1; Basso and Liu, 2019; Fritz et al., 2019; Huang et al., 2015; Lobell et al., 2015; 

Paudel et al., 2022). 

Optical remote sensors enable the estimation of crop status and yield prediction. These sensors 

rely on the unique optical properties of actively growing vegetation, which interacts with radiation 

across different regions of the electromagnetic spectrum. For instance, vegetation absorbs a large 

proportion of radiation in the visible spectrum (400–700 nm), while it reflects a high proportion in 

the near-infrared (750–850 nm). By measuring reflectance, defined as the proportion of incident 

radiation that is reflected, these sensors facilitate the estimation of biophysical crop variables such 

as leaf area index (LAI) or the fraction of photosynthetically active radiation absorbed by the green 

tissues (fAPAR, Gitelson et al., 2002, 2004; Sellers, 1987; Weiss et al., 2020). These estimations 

can be made using vegetation indices (VIs), which are mathematical transformations of these 

reflectance values (Zeng et al., 2022). The most widely used VI is the Normalized Difference 

Vegetation Index (NDVI), which utilizes red and near-infrared reflectance (Rouse et al., 1974). 
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Thus, mounted on handheld devices, ground vehicles, drones, or satellites, optical remote sensors 

enable the precise, rapid, and non-destructive quantification of crop status. 

However, how can yield be predicted from remotely-sensed spectral data? Different 

frameworks have emerged since the first initial efforts over four decades ago (Hammond, 1975; 

Heilman et al., 1977; MacDonald & Hall, 1980). From one side, there is a group of crop yield 

prediction frameworks based on direct correlations with VIs; while on the other hand, there is 

group that predicts yield via translating spectral data into biophysical variables, such as LAI or 

fAPAR, which can be then assimilated into crop simulation models. A diverse degree of 

combinations exists in between these two approaches. Thus, from simple regressions between 

yield and NDVI to the assimilation of biophysical variables into a simulation model, different 

frameworks guided by agronomical knowledge have emerged (Huang et al., 2015; Magney et al., 

2016; Lobell et al., 2015). In parallel, advances in statistics, programming, and handling of large 

geospatial datasets have enabled the development of models that do not necessarily incorporate 

deep agronomical knowledge, as algorithms learn directly from the data. Today, artificial 

intelligence algorithms can learn the temporal evolution of VIs, independently identify the key 

crop phenological periods and the most relevant combinations of index and other variables for 

yield prediction (Cao et al., 2021; Nevavuori et al., 2019; Sun et al., 2019; Zhang et al., 2019). 

After more than 40 years of research, several frameworks for yield prediction are now 

available. Previous efforts have summarized the state of the art in the field, but focused on multiple 

data sources (Basso & Liu, 2019; Schauberger et al., 2020) or specific statistical methods 

(Chlingaryan et al., 2018; Muruganantham et al., 2022). More than a decade ago, Rembold et al. 

(2013) classified remote satellite-based yield prediction frameworks into three groups: (1) 

regression models based on VIs; (2) models based on radiation capture and use efficiencies; and 
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(3) models based on the assimilation of satellite data into crop simulations. However, new 

approaches and technologies have emerged in the past decade (Cai et al., 2019; Gaso et al., 2024; 

Lobell et al., 2015; Paudel et al., 2021), underscoring the need to revisit these frameworks and 

assess their strengths and limitations (Maestrinni et al., 2022). 

Thus, the objective of this study was to synthetize existing frameworks for crop yield 

prediction using remotely-sensed spectral data. Therefore, we structured the study into three 

specific objectives related to: (1) identify and describe different framework groups (and 

subgroups) and how they differ in their use of spectral data. While we define groups for clarity, 

we acknowledge that these frameworks exist on a continuum and may overlap; (2) discuss data 

requirements for model calibration, the trade-off between interpretability and predictive power, 

and the spatio-temporal transferability of different frameworks; and (3) highlight pathways for 

improving crop yield prediction models. This study did not aim to identify a single best framework, 

with the optimal choice depending on the research objective, data availability, and level of 

expertise. 

Box 2.1: What do we understand by yield “prediction”, and how does the scale 

affect prediction errors? 

The term “prediction” is often used interchangeably to refer to different approaches aimed at 

quantifying crop yield. Here, we distinguish two primary objectives: (1) forecasting, which 

estimates yield before harvest, and (2) diagnosis (or hindcasting), which estimates yield after 

harvest. Forecasting aims to anticipate yield to support tactical decision-making, such as logistical 

planning or crop management. It relies solely on information available up to the forecast time (e.g., 

data available up to flowering). Accuracy improves as the crop cycle progresses, incorporating 

more detailed and relevant information. In early stages, forecasts often rely on historical yield 
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averages, eventually adjusted for the environmental context. In later stages, uncertainty decreases 

as more information is included, particularly when the prediction occurs during or after the crop’s 

critical period (Bolton & Friedl, 2013; Schwalbert et al., 2020). In contrast, diagnosis uses all 

available information up to harvest, resulting in lower errors compared to early forecasts. Its 

primary value lies in analyzing historical yield variability to identify the influence of 

environmental and management factors, and quantify gaps relative to yield potential (Deines et al., 

2023, 2024; Lobell et al., 2013). 

The accuracy of yield prediction models also depends on the scale of application. At coarser 

scales, reduced variability and the aggregation of predictions from smaller units tend to lower 

errors. For example, models calibrated at regional scales typically exhibit relatively low errors, 

around 10% (Becker-Reshef et al., 2010; Chipanshi et al., 2015; Han et al., 2020; Ren et al., 2008). 

In contrast, at field or subfield scales, errors are often larger, ranging from 15–35% (Chen et al., 

2020; Deines et al., 2021; Ma et al., 2024). Despite the growing need for accurate field-scale 

models to support on-farm decision-making, most published models have been calibrated at 

regional scales using official yield statistics (Schauberger et al., 2020). Consequently, efforts to 

develop models with high-spatial resolution and broad temporal coverage at the field or subfield 

scale remain limited, with only a few recent exceptions (e.g., Brinkhoff et al., 2024; Deines et al., 

2021; Ma et al., 2024). 
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Description of the different frameworks for crop yield prediction 

In this section, we present the classification of frameworks available for crop yield prediction 

based on remotely-sensed spectral data (Fig. 2.1). Broadly, we described three main groups: (1) 

models based directly on spectral data; (2) models based on derived biophysical variables; and (3) 

models based on the integration of spectral data and crop simulation models. Within each group, 

we described two or three subgroups of models. 

 

Figure 2.1: Conceptual representation of the groups and subgroups of frameworks for crop yield 

prediction. 

Crop yield prediction models based directly on spectral data 

In this framework group, spectral data—mainly VIs—are directly used in empirical, data-driven 

models to predict yield. Below, we describe two subgroups within this framework, distinguished 

by the complexity of the algorithm used to relate yield to spectral data (Fig. 2.2, Table 2.1). 
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Figure 2.2: Conceptual representation of crop yield prediction models based directly on spectral 

data. Subgroups: A) Simple statistical models; B) Machine learning models. 
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Table 2.1: Examples of papers with models based directly on spectral data, statistical and machine learning subgroups. 

Subgroup Algorithm Spectral data Crop Reference 

Statistical 
 

Linear regression NDVI; RVI Wheat Tucker et al. (1981) 

Linear regression NDVI Millet Groten et al. (1993) 

Linear regression NDVI Wheat Ren et al. (2008) 

Linear regression NDVI; EVI2; NDWI Maize; Soybean Bolton & Friedl (2013) 

Linear regression NDVI; RVI Wheat Wang et al. (2014) 

Linear regression NDVI Wheat Magney et al. (2016) 

Linear regression 
NDVI; DVI; CIrededge; CIgreen; NDRE; 

EVI; EVI2; MTCI 
Rice Duan et al. (2021) 

Machine 

learning 
 

LASSO; RandomForest; Support Vector 

Machines; Neural Networks 
EVI; SIF Wheat Cai et al. (2019) 

Neural Networks 
Raw reflectance bands: Blue, Green, Red, 

Near Infrarred, Shortwave Infrarred 
Soybean Sun et al. (2019) 

RandomForest EVI 
Wheat; Barley; 

Canola 
Filippi et al. (2019) 

LASSO; RandomForest; XGBoost; Neural 

Networks 
EVI Maize Zhang et al. (2019) 

Linear regression; RandomForest; Neural 

Networks 
NDVI; EVI Soybean Schwalbert et al. (2020) 

LASSO; RandomForest; Neural Networks EVI Rice Cao et al. (2021) 

Ridge; RandomForest; Neural Networks CIgreen 
Maize; Soybean; 

Wheat 
Ma et al. (2024) 
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Simple statistical models 

This subgroup of models predicts yield directly from spectral data using simple statistical 

relationships (Fig. 2.2A, Hassan et al., 2019; Johnson, 2014; Lai et al., 2018, Mkhabela et al., 

2011; Ren et al., 2008). The underlying assumption is that most environmental, management, and 

genetic factors that influence yield will also influence crop greenness, which can be quantified 

through spectral data, primarily VIs. This framework is likely the oldest, with studies dating back 

40-to-50 years with yield-VIs regressions based on red and near-infrared reflectance, such as 

NDVI, summarized at different crop phenological stages, including peak values or integrals 

(Colwell et al., 1977; Groten et al., 1993; Tucker et al., 1981). More recently, additional VIs 

incorporating other reflectance bands, such as blue (~450 nm, EVI), green (~550 nm, GNDVI, 

GCVI), or red edge (~750 nm, NDRE), have been adopted. These VIs are generally less affected 

by soil reflectance and saturation at high LAI (Bolton & Frield, 2013; Duan et al., 2021; Peralta et 

al., 2016; Shanahan et al., 2001; Zhao et al., 2007). Below, we provide some examples of this 

subgroup of models.  

At the experimental plot scale, Magney et al. (2016) used NDVI from handheld sensors and 

identified anthesis as the best phenological stage for wheat yield prediction (R² = 0.45), improving 

the model by including the duration of tillering and stem elongation phases derived from inflection 

points of the NDVI time series curve (R² = 0.83). A similar approach was applied by Wang et al. 

(2014), who used SPOT-5 and HJ-CCD satellite imagery to analyze wheat from tillering to 

maturity, with the most accurate prediction model integrating NDVI and RVI between stem 

elongation and early grain filling (R² ~ 0.65), both indices relying on red and near-infrared 

reflectance. Following this regression-based approach, Bolton & Friedl (2013) designed a system 

to forecast county-scale maize and soybean yield in United States. They calculated NDVI, EVI2, 
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and NDWI from MODIS satellite, and found that the optimal timing for yield forecasts 

corresponded to the peak of each index—which coincided with both critical periods for these crops 

(Gao et al., 2017). Moreover, they determined that in arid regions, NDWI, an index more sensitive 

to vegetation water content, was the most effective, while in other regions EVI2 performed best. 

Machine learning models 

This subgroup of models leverages machine learning algorithms to capture complex, nonlinear 

relationships between yield and multiple predictors (Fig. 2.2B; Filippi et al., 2019; Kamir et al., 

2020; Ma et al., 2021, 2024; Nevavuori et al., 2019; Sun et al., 2019; Zhang et al., 2019). According 

to bibliometric analyses, studies with these models have increased exponentially since 2018–2019 

and currently dominate the field (Clark et al., 2023). These models often integrate spectral data 

with additional sources, typically gridded weather and soil datasets. As a result, they incorporate 

multiple predictor variables that are often correlated (e.g. two or more VIs derived from the same 

reflectance bands). A typical study in this framework compares the importance of different data 

sources, such as spectral, weather or soil data, for yield prediction, along with the accuracy of 

different machine learning algorithms (e.g., Cai et al., 2019; Cao et al., 2021; Schwalbert et al., 

2020). A few examples from the literature are illustrated below.  

Cai et al. (2019) forecasted wheat yield at the county scale in Australia (2000–2014), 

evaluating different algorithms: LASSO, Random Forest, Support Vector Machines, and Neural 

Networks, with the highest predictive accuracy using Support Vector Machines, enabling yield 

forecasts two months before harvest (R² ~ 0.75). They also found that EVI, a reflectance-based VI, 

outperformed SIF (Solar-Induced Fluorescence), an emission-based VI. The authors attributed this 

to the lower spatio-temporal resolution of SIF data compared to MODIS-derived EVI. Similarly, 

in Brazil, Schwalbert et al. (2020) applied deep learning to soybean yield forecasting, integrating 



14 

NDVI and EVI from MODIS with precipitation and temperature data at different crop stages. Their 

model achieved low error at the county scale, even early in the season (mean error: 0.42 Mg ha⁻¹), 

improving as the season progressed (0.24 Mg ha⁻¹). 

Since these algorithms require large volumes of data, they typically operate at a regional scale, 

as data at the field or subfield scales tend to be more limited. To overcome this limitation, Ma et 

al. (2024) employed transfer learning, a deep learning technique that enables models to be trained 

in data-rich contexts and subsequently adapted to data-scarce scenarios without compromising 

accuracy. Using this approach, they trained models with only county-scale data and applied them 

at the subfield scale (30 m), using more than 20 predictor variables derived from satellite and 

weather data and achieving yield prediction errors of 20% for corn, 25% for soybeans, and 34% 

for wheat. This methodology facilitated the generation of annual yield maps with a spatial 

resolution of 30 m across the United States, offering an approach that can be extrapolated to other 

regions where only county-scale data are available. 

This section provides only a brief overview, as machine learning-based yield prediction is a 

much broader field, encompassing aspects such as data pre-processing, algorithm selection, and 

hyperparameter tuning, which are covered in specific reviews (e.g., Chlingaryan et al., 2018; 

Muruganantham et al., 2022; von Klomperburg et al., 2020). 

Crop yield prediction models based on derived biophysical variables 

In this framework group, spectral data are first used to derive biophysical variables, such as LAI 

or fAPAR, which are then utilized to predict yield (Fig. 2.3). This derivation can be achieved 

through two main approaches: (1) in situ calibration between biophysical variables and spectral 

data (e.g., Nguy-Robertson et al., 2012) or (2) inversion of radiative transfer models (e.g., 

Darvishzadeh et al., 2008). For a more detailed discussion on deriving biophysical variables from 
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spectral remotely-sensed data, readers are referred to review studies published by Homolová et al. 

(2013) and Weiss et al. (2020). Below, we describe two subgroups of models that fall within this 

framework (Fig. 2.3, Table 2.2). 

 

Figure 2.3: Conceptual representation of crop yield prediction models based on biophysical 

variables. Subgroups: A) Empirical models; B) Models based on resource capture and use 

efficiencies. 
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Table 2.2: Examples of papers with models based on derived biophysical variables, empirical and resource-based subgroups. 

Subgroup Algorithm Biophysical data Crop Reference 

Empirical  

Linear regression 
LAI as input to estimate 

evapotranspiration 
Wheat Heilman et al. (1977) 

Linear regression 
fAPAR as input to estimate 

total absorbed radiation 
Maize Gallo et al. (1985) 

Linear regression fAPAR Wheat; Barley; Maize Lopez-Lozano et al. (2015) 

Neural Networks LAI Wheat Wang et al. (2022) 

Neural Networks fAPAR; LAI Wheat Wang et al. (2023) 

Resource-

based  

Radiation capture and use 

efficiency 
fAPAR Wheat Lobell et al. (2003) 

Radiation capture and use 

efficiency 
fAPAR 

Wheat; Rice; Cotton; 

Sugarcane 
Bastianseen & Ali (2003) 

Radiation capture and use 

efficiency 
fAPAR 

Wheat; Potato; Rapeseed; 

Soybean; Sugar Beet; Barley; 

Rice; Maize 

Yuan et al. (2016) 

Radiation capture and use 

efficiency 
fAPAR Barley; Canola; Wheat Chen et al. (2020) 

Radiation and Water capture 

and use efficiency 
fAPAR; Kt Wheat; Barley Campoy et al. (2023) 
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Empirical models based on biophysical variables 

A first subgroup of models directly regresses crop yield against biophysical variables using either 

simple statistical methods or machine learning algorithms (Fig. 2.3A, Gallo et al., 1985; Heilman 

et al., 1977; Johnson, 2016; Kolotii et al., 2015; Wang et al., 2022, 2023). For example, López-

Lozano et al. (2015) predicted yield of different crops (wheat, barley, and maize) across European 

administrative units (1999–2012) with linear regressions based on the fAPAR product from the 

SPOT-VEGETATION satellite. For each administrative unit, the authors identified the temporal 

window of the fAPAR with the highest R², typically centered around one month from the peak of 

fAPAR. They found that regions with high interannual variability in water availability exhibited 

high R² values (~0.8), while those without water deficit showed lower R² values (<0.6) for yield 

prediction. 

Models based on resource capture and use efficiencies 

A second subgroup consists of models based on resource capture and use efficiencies, using 

biophysical variables as inputs (Fig. 2.3B, Bastiaanssen & Ali, 2003; Chen et al., 2020; Prince, 

1991; Yu et al., 2024; Yuan et al., 2016; Zheng et al., 2016). The underlying logic is summarized 

in the following pair of equations (Monteith, 1972): 

𝑌𝑖𝑒𝑙𝑑 = 𝐵𝑖𝑜𝑚𝑎𝑠𝑠 ∗ 𝐻𝑎𝑟𝑣𝑒𝑠𝑡 𝐼𝑛𝑑𝑒𝑥                                                                                     (𝐸𝑞. 2.1)  

𝐵𝑖𝑜𝑚𝑎𝑠𝑠 =  ∫ 𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒 ∗ 𝐶𝑎𝑝𝑡𝑢𝑟𝑒 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 ∗ 𝑈𝑠𝑒 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦                   (𝐸𝑞. 2.2)
mat.

em.
  

where yield is the product of total crop biomass and the harvest index (fraction of biomass allocated 

to harvestable organs, Eq. 2.1). In turn, biomass is the product of the available resource between 

crop emergence and physiological maturity (e.g., incident photosynthetically active radiation or 

available water), the capture efficiency (proportion of the resource captured), and the use 

efficiency (biomass produced per unit of resource captured, Eq. 2.2). Spectral data allows for the 
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derivation of capture efficiency (e.g., fAPAR for radiation, Kt for water), while the available 

resource can be obtained through field measurements, weather stations, or gridded databases. For 

example, Lobell et al. (2003) used Landsat satellites to derive wheat fAPAR and, incorporating 

data on incident photosynthetically active radiation, radiation use efficiency, and a fixed harvest 

index, accurately estimated total wheat production in Mexico at the regional scale (~3% error in 

the 1993–94 and 1999–2000 growing seasons). 

The main challenge for this subgroup lies in accurately modeling both use efficiency and 

harvest index, as they vary with genotype, management, and environmental factors (Sinclair & 

Muchow, 1999; Unkovich et al., 2010) and cannot be directly derived from remote sensing. With 

this in mind, Tao et al. (2005) predicted maize yield across 122 experimental stations in China 

using satellite-based fAPAR and dynamically incorporating radiation use efficiency (RUE) 

through "scalars" that penalized potential RUE based on temperature, water, or nutrient stress (but 

using a constant value for harvest index). More recently, Campoy et al. (2023) predicted wheat 

and barley yield at the field and subfield scales using radiation and water capture and use efficiency 

models. With satellite NDVI, they estimated fAPAR and Kt, and accumulated absorbed radiation 

and transpired water over the crop cycle. Based on locally calibrated biomass production use 

efficiencies, they estimated total biomass. Finally, they curvilinearly related the harvest index to 

the proportion of the resource captured post-anthesis relative to the total cycle (e.g., the ratio 

between post-anthesis absorbed radiation and total absorbed radiation, Kemanian et al., 2007; 

Sadras & Connor, 1991). This resulted in a simple, agronomically interpretable model that 

predicted yield at the field and subfield scales. 
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Crop yield prediction models based on the integration of spectral data and crop 

simulation models 

In this framework group, yield predictions are built by integrating spectral data with crop 

simulation models. Briefly, these models simulate crop growth and development through 

mathematical equations that quantify crop physiological processes driven by soil, weather, 

genotype, and agronomical management inputs. They use parameters to describe system 

characteristics, such as leaf expansion rate or potential radiation use efficiency. With these inputs 

and parameters, they simulate state variables of the system at a given time step, such as LAI or 

soil water content. Since the accuracy of these models depends on the quality of input data and 

their correct parameterization, spectral data from remote sensors provide complementary 

information to improve and scale yield predictions. Below, we describe three common subgroups 

of models that differ in how they integrate spectral data with crop simulation models (Fig. 2.4, 

Table 2.3). 
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Figure 2.4: Conceptual representation of models based on the integration of spectral data and 

crop simulation models. Subgroups: A) Models based on data assimilation, with four strategies: 

a) Forcing; b) Updating; c) Calibration; and d) Initialization; B) Metamodels based on multiple 

simulations; C) Hybrid models with simulated outputs and spectral data as individual predictive 

variables. 
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Table 2.3: Example of papers with models based on the integration of spectral data and crop simulation models. 

Subgroup Strategy Simulation model Crop Reference 

Data 

assimilation  

Replacing the simulated fAPAR with satellite-derived fAPAR MOSICAS Sugarcane Morel et al. (2014) 

Calibrating parameters based on satellite-derived LAI WOFOST Wheat Huang et al. (2015) 

Initializing the model based on the emergence date from VI time 

series, then calibrating parameters based on satellite-derived Green 

Area Index 

SAFY Maize Battude et al. (2016) 

Calibrating parameters at the county-scale based on aggregated 

LAI, then updating the simulation at the pixel-scale (30 m) based 

on satellite-derived LAI 

SAFY Maize Kang and Özdoğan (2019) 

Metamodels  

Developing a simple linear regression between simulated yield and 

fAPAR 
SUCROS Sugarcane Clevers et al. (1997) 

Developing a multiple linear regression between simulated yield 

and simulated GCVI, expanded with weather predictors 

APSIM-Maize; 

APSIM-Soybean 

Maize; 

Soybean 
Lobell et al. (2015) 

Developing a Random Forest model between simulated yield and 

simulated GCVI, expanded with weather predictors 
WheatGrow Wheat Zhao et al. (2023) 

Hybrid 

models  

Developing multiple machine learning models based on satellite 

fAPAR and simulated outputs (e.g., water-limited biomass, water 

storage at grain filling) 

WOFOST 

Barley; 

Potato; 

Wheat 

Paudel et al. (2021) 

Developing a Random Forest model based on satellite GCVI and a 

simulated drought index 
SALUS Maize Shuai & Basso (2022) 

Developing multiple machine learning models using drone-based 

VIs and simulated outputs (e.g., biomass, canopy cover) 
AquaCrop Wheat Cheng et al. (2024) 
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Assimilation of spectral data into crop simulation models 

The term "data assimilation" is often used interchangeably to describe different strategies to 

augment a crop simulation model with spectral data. Perhaps the most intuitive strategy is 

"forcing", which involves the direct replacement of simulated model state variables with those 

derived from spectral data (Fig. 2.4Aa, Bouman, 1995; Clevers et al., 2002; Morel et al., 2014; 

Yao et al., 2015). Due to their critical role in simulation models, the most commonly used are 

biophysical variables such as LAI or fAPAR. The primary advantage of this strategy is its 

simplicity, as it directly replaces the model subroutine, such as leaf area generation, with remotely-

sensed data. However, its performance is highly dependent on the quality and frequency of remote 

sensing data. Errors in these estimates can propagate throughout the simulation, compromising its 

overall accuracy. Moreover, since simulation models typically operate at a daily time step while 

remotely-sensed data may have lower temporal resolution, interpolation introduces an additional 

source of error. 

To mitigate some of these limitations, the “updating” strategy can be employed (Fig. 2.4Ab, 

Chen & Tao, 2020; Dhakar et al., 2022; Gaso et al., 2023; Kang & Özdoğan, 2019; Zare et al., 

2024). In this approach, the model simulates state variables until a remotely-sensed estimate 

becomes available. At this point, the state variable is updated by a weighted combination of the 

simulated and remotely estimated values, and the simulation continues from this updated value 

until the next remotely sensed estimate becomes available. As the model is adjusted with each new 

remotely-sensed estimate, this approach is also referred to as “sequential assimilation”. Compared 

to forcing, a major advantage of updating is that the model is not entirely dependent on the quality 

and frequency of remote sensing estimates, as it continues the simulation even if such data are not 

available. A disadvantage, however, is the increased computational cost of updating the model 
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through weighted adjustments with each new observation. To determine the weights between 

simulated and estimated values, the most commonly used algorithms include the Kalman filter, 

ensemble filter, particle filter, among others. For details on the advantages of each algorithm, the 

reader is referred to Huang et al. (2019). 

Spectral data can also be employed in the “calibration” strategy to adjust the parameters of the 

simulation model (also referred to as “re-calibration” or “variational assimilation”, Fig. 2.4Ac, 

Battude et al., 2016; Gaso et al., 2021; Gilardelli et al., 2019; Huang et al., 2015, 2019). In this 

strategy, model parameters are iteratively adjusted to minimize the difference between simulated 

and remotely-sensed estimates, as defined by a cost function (e.g. root mean square error). In this 

approach, all remotely-sensed estimates are used simultaneously. For example, the maximum 

radiation use efficiency can be iteratively modified to find the value that minimizes the difference 

between simulated and remotely-sensed LAI (Gilardelli et al., 2019). The main advantage of this 

strategy is that it enables the development of a more realistic model by refining its parameters, 

leading to better simulation outcomes (Jin et al., 2018). However, it often requires multiple 

iterations to minimize the cost function, which increases the computational costs, and it relies on 

remote sensing data throughout the entire crop cycle, which may limit its feasibility for real-time 

applications (e.g., forecasting yield at mid-season). 

A fourth strategy is the “initialization” of models, in which spectral data are used to estimate 

the input variables required to start running simulations (Fig. 2.4Ad, Battude et al., 2016; Han et 

al., 2019). Unlike previous strategies that focus on modifying state variables or parameters, this 

approach targets the variables required to initialize crop simulations. This is particularly useful for 

scaling models regionally, where there may be uncertainty regarding crop area and management 
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practices (e.g., sowing date). For instance, by analyzing the temporal evolution of VIs, it is possible 

to estimate sowing or emergence dates to initialize the simulations (Han et al., 2019). 

In this section, we provided a brief explanation of the different strategies for assimilating 

remotely-sensed spectral data into crop simulation models. For more details, the reader is referred 

to specific reviews (Dorigo et al., 2007; Jin et al., 2018; Huang et al., 2019). 

Metamodels based on multiple crop simulations 

This subgroup of models runs multiple simulations to calibrate simpler models (“metamodels”) 

that can then be quickly applied to spectral data (Fig. 2.4B, Azzari et al., 2017; Clevers et al., 1997; 

Deines et al., 2021; Jin et al., 2017; Lobell et al., 2015; Zhao et al., 2023; Ziliani et al., 2022). The 

process is developed in four stages. First, a large number of simulations are conducted under 

realistic conditions of weather, soil, and management for the site of interest. From each simulation, 

the final yield and the time series of relevant variables—such as LAI, fAPAR, or other variables 

potentially derivable from spectral data—are recorded. In the second stage, these variables are 

translated into spectral data, using calibrated relationships (e.g., estimating a VI from simulated 

LAI, Nguy-Robertson et al., 2012). In the third stage, empirical models are calibrated between 

simulated yield and simulated spectral observations. The simplest approach involves fitting linear 

regressions between yield and VIs at specific stages, although these models can be extended to 

include weather predictors (Lobell et al., 2015) or to leverage machine learning algorithms (Zhao 

et al., 2023). Finally, in the fourth stage, the calibrated models are applied to real spectral data to 

predict yield. 

An example of this subgroup of models is the system developed by Lobell et al. (2015), called 

the “Scalable Satellite-based Crop Yield Mapper”. Based on APSIM simulations, linear regression 

models were calibrated between simulated maize and soybean yields and simulated observations 
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of Green Chlorophyll VI (GCVI, estimated from simulated LAI) and weather variables. These 

regression models were then applied to satellite imagery, allowing the mapping of crop yields at a 

spatial resolution of 30 m across large areas without requiring field data for model calibration. 

Over time, this system was improved and replicated for other regions and crops (Azzari et al., 

2017; Deines et al., 2021; Jin et al., 2017). For instance, Deines et al. (2021) evaluated predictive 

models for maize with yield monitor records (2008–2018). Their models achieved an R² of 0.4 at 

the subfield scale, which increased to 0.45 at the field scale and 0.69 at the county scale. Similarly, 

the RMSE decreased from 2.45 to 1.85 and 1.25 Mg ha⁻¹, respectively. 

Hybrid models with crop simulation outputs and spectral data as individual predictive 

variables 

This subgroup consists on calibrating empirical models using both simulation outputs and spectral 

data as individual predictors. The term “hybrid models” arises from calibrating data-driven models 

with the outputs of process-based models (Fig. 2.4C, Gaso et al., 2024; Li et al., 2023; Paudel et 

al., 2021; Shuai & Basso, 2022; Zhuang et al., 2024). There are some reasons for preferring hybrid 

models over the previous subgroups. For example, these models are expected to outperform data 

assimilation when the derivation of state variables from spectral information contains errors or 

biases, as assimilation of such data would only propagate these uncertainties (e.g., consistent 

overestimation of LAI). In addition, spectral data can provide valuable information for yield 

prediction that is difficult or impossible to assimilate into crop simulation models due to model 

architecture constraints (e.g. specific reflectance values). Similarly, hybrid models are supposed 

to outperform metamodels when the crop simulation model does not accurately capture the 

relationship between yield and biophysical variables (e.g. yield vs. LAI). To address these 

limitations, this subgroup of models treats simulation outputs - such as biomass, canopy cover or 
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even yield - and spectral data as separate predictors and incorporates their potential errors into the 

overall error of the empirical model. 

There are successful examples of this methodology. Feng et al. (2020) calibrated Random 

Forest models to predict wheat yield at the plot scale across 29 sites in Australia (2008–2019), 

using simulated biomass by APSIM, NDVI from MODIS satellite, and weather variables, 

including frost and heatwaves. They found that model accuracy improved as the crop cycle 

progressed, reaching a final error of 17% at physiological maturity, with the most influential 

variables being those simulated by APSIM. In this case, NDVI had a marginal contribution, likely 

due to the relatively low spatial resolution of MODIS compared to the experimental plots. 

Similarly, Cheng et al. (2024) predicted yield in mulched wheat plots in China (2017–2021). The 

authors calibrated machine learning models using predictors that combined simulated outputs from 

AquaCrop—such as biomass and canopy cover—with VIs obtained from drones. This approach 

proved more accurate than both AquaCrop simulations and models based solely on spectral data, 

achieving the lowest error during heading (8%) compared to earlier stages, such as turning green 

and jointing (17% and 13%, respectively). 

Discussion 

In the previous section, we identified and described crop yield prediction frameworks and 

highlighted some of their strengths and limitations. Now, we discuss three key aspects common to 

all of them: (1) the data required for model calibration, (2) the trade-off between interpretability 

and predictive power, and (3) their spatio-temporal transferability (Table 2.4). Additionally, we 

discuss some potential pathways to improve crop yield prediction models.
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Table 2.4: Summary of each framework according to the data required for model calibration, accuracy, interpretability, and spatio-

temporal transferability. 

Group Subgroup 

Requires translation 

from spectral to 

biophysical data? 

Requires other data 

sources? 

Requires ground-

truth yield data for 

calibration? 

How effectively 

does it capture yield 

variability? 

How interpretable is 

the model? 

How easy is to 

anticipate 

transferability? 

Based 

directly on 

spectral 

data  

Simple 

statistical 

models 

No 
Only those that improve 

accuracy 

Yes. It does not need larger 

datasets 

Predictors must be linearly 

related to yield 

Interpretable due to its 

simple algorithm 

Easier due to high 

interpretability 

Machine 

learning 

models 

No 
Only those that improve 

accuracy 

Yes. It needs larger datasets 

to train models (e.g., 
thousands or more data 

points) 

Handles raw predictive 

variables with complex, non-
linear relationships with 

yield 

May be complex due to non-

linear relationships and large 

number of predictors 

Complex due to reduced 
interpretability 

Based on 

derived 

biophysical 

variables  

Empirical 

models 
Yes 

Only those that improve 

accuracy 

Yes. Varies with the 
algorithm (statistical or 

machine learning models) 

Varies with the algorithm 
(statistical or machine 

learning models) 

More interpretable due to 

biophysical variables; 
Simple if statistical; 

Complex if machine 

learning 

Varies with the algorithm, 
easier if statistical; more 

complex if machine learning 

Resource-

based 

models 

Yes 

Resource data (e.g., incident 

radiation or available soil 
water) 

Yes. It does not need larger 

datasets 

Resource capture and use 

efficiencies must explain 
most of the yield variability 

Interpretable due to its 

process-based structure 

Easier due to high 

interpretability 

Integrated 

with crop 

simulation 

models  

Data 

assimilation 
Yes 

Weather, soil and 

management data to run 

simulations. Simulations due 
to low-quality inputs may be 

corrected with assimilated 

data 

Not needed if the simulation 

model was previously 

validated 

Spectral data must better 

represent reality than crop 

simulations 

Interpretable due to its 
process-based structure 

Easier due to high 
interpretability 

Metamodels Yes 

High-quality weather, soil 

and management data to run 

simulations 

Not needed if the simulation 

model was previously 

validated 

Simulations must correctly 

reflect the relationship 

between yield and predictor 

variables (statistical or 
machine learning models) 

More interpretable due to its 

process-based nature; 

Simple if statistical; 

Complex if machine 
learning 

Varies with the algorithm, 

easier if statistical; more 

complex if machine learning 

Hybrid 

models 
Not necessary 

High-quality weather, soil 
and management data to run 

simulations 

Yes. Varies with the 
algorithm (statistical or 

machine learning models) 

Spectral data and simulated 

outputs must capture 
different portions of yield 

variability (statistical or 

machine learning models) 

Simple if statistical; 
Complex if machine 

learning 

Varies with the algorithm, 
easier if statistical; more 

complex if machine learning 
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Data required for model calibration 

For frameworks that rely on biophysical variables, the first step is to translate spectral data into 

these variables using an appropriate model. A robust but labor-intensive approach is to develop or 

validate models based on local crop measurements (Huang et al., 2015; Zare et al., 2024). 

However, for large spatial scale studies, it is often more practical to adopt a previously published 

model (Lobell et al., 2015). While this approach eliminates the need for field sampling, it 

introduces uncertainty, as the original model may have been developed under different 

environmental, management or crops conditions (Colombo et al., 2003; Gitelson et al., 2014), or 

may be influenced by the interaction between the sensor and site conditions where it was calibrated 

(Epiphanio & Huete, 1995). Currently, satellite-derived products provide periodic estimates of 

biophysical variables (Johnson et al., 2015; López-Lozano et al., 2015). In addition, generic 

methodologies, such as the one proposed by Sellers et al. (1996) for the estimation of fAPAR, 

provide alternative solutions (Campoy et al., 2023).  

Requirements of data volume (quantity) and diversity (different data sources) can limit the 

available frameworks for yield prediction. Machine learning models need large datasets for proper 

calibration (Kamir et al., 2020), but when data are limited, incorporating prior knowledge by 

selecting predictors with a causal link to yield can be a feasible alternative (Maestrini et al., 2022; 

Rudin, 2019). Beyond spectral data, other data sources also play a crucial role, particularly in crop 

simulation models. These simulations rely on detailed weather, soil, and agronomic management 

data, and the lack of local data or low quality of these inputs can limit their practical application 

(Rosenzweig et al., 2013). This is particularly true for frameworks involving metamodel 

development or hybrid models, as poor simulations reduce their usefulness. In contrast, data 

assimilation frameworks may be less dependent on these inputs, as spectral data can correct errors 
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in simulated outputs caused by inaccuracies in other inputs, provided the spectral data are reliable. 

On the other hand, other frameworks that are not integrated with simulation models do not strictly 

require these additional data sources, and their inclusion is only justified if they contribute to 

reducing prediction errors (e.g., Cai et al., 2019). 

Trade-off between Interpretability and predictive power 

A first factor affecting this trade-off is the choice of predictor variables. Comparatively, crop yield 

prediction models based directly on spectral data are less interpretable than those based on 

biophysical variables. This is particularly true for people unfamiliar with remote sensing concepts, 

for whom a VI value may seem abstract, whereas a biophysical variable such as LAI is 

conceptually more intuitive. In terms of predictive power, there is no reason to expect differences 

between the use of spectral data or biophysical variables, unless the translation requires more than 

a simple regression model. 

A second factor affecting this trade-off is the algorithm. Linear regressions between yield and 

a few predictor variables, whether VIs or biophysical indicators, yield highly interpretable models. 

However, achieving predictive power requires careful construction of variables that have a good 

linear relationship with yield. Similarly, frameworks based on resource capture and use 

efficiencies, as well as those integrated with crop simulation models, offer high interpretability 

since these models synthesize much of the current knowledge about crop processes, representing 

a more functional biological system. However, their predefined structure constrains the patterns 

they can capture, limiting their predictive power. For example, crop simulation models updated 

with spectral data can suffer from “phenological shift”, a phenomenon in which the model 

correctly replicates the evolution of the updated state variable but fails to adjust for the crop 

phenology. Since phenology controls key sub-processes involved with yield formation, such as 
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biomass partitioning to harvestable organs (harvest index), this misalignment could substantially 

increase prediction error (Curnel et al., 2011; Yang et al., 2023). 

Machine learning models are effective in overcoming some of these limitations. These 

algorithms can capture non-linear effects and interactions between predictors, such as the 

differential effect of VIs on yield depending the phenological stage or temperature exceeding a 

certain threshold (Feng et al., 2020; Zhang et al., 2019). As a result, these crop yield prediction 

models often achieve higher predictive power than linear or simulation models, even when trained 

on raw predictor variables (Cai et al., 2019; Gaso et al., 2024; Ma et al., 2024; Schwalbert et al., 

2020). However, their agronomic interpretability may be limited, making it difficult to understand 

how predictive variables contribute to yield prediction in terms of direction and magnitude. 

Spatio-temporal transferability of the models 

The primary goal of yield prediction models is to maintain accuracy when applied to new growing 

conditions, such as different years or regions. To achieve this, it is crucial to improve our ability 

to anticipate when they will perform well, and more interpretable models make this easier. For 

example, consider a linear regression model that predicts maize yield based on absorbed radiation 

throughout the crop cycle (as in Gallo et al., 1985), and supposed it was calibrated using data from 

years without heat stress and then transferred to predict in a year with heat stress. It is likely that 

the model would overestimate yield due to the issue that heat stress reduces harvest index without 

significantly affecting absorbed radiation (Cicchino et al., 2013). In more complex models, 

predictions depend on a larger number of variables and intricate relationships. As a result, 

anticipating how well they will transfer to new conditions becomes more challenging. 

Regardless of the crop yield prediction framework, it is essential to evaluate models under 

conditions that accurately represent their intended application (Filippi et al., 2025). As yield 
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prediction models are almost always designed to predict in new years, it should be mandatory to 

assess their temporal transferability. This process is commonly implemented through the “Leave-

One-Year-Out” procedure (e.g. Bolton and Friedl, 2013; Cai et al., 2019; Schwalbert et al., 2020). 

However, if the final goal is to forecast into future years, an even more realistic evaluation is to 

simulate operational conditions, in which the model is calibrated only with previous years (e.g., Li 

et al., 2023; Ma et al., 2021; Paudel et al., 2021). In other cases, the aim may be to use data from 

one region to make predictions in another, in which case it is essential to assess spatial 

transferability (e.g. Becker-Reshef et al., 2010; Ma et al., 2023; Priyitankto et al., 2023). 

Some pathways for enhancing crop yield prediction models 

One way to improve these models is to incorporate additional data sources beyond traditional 

spectral reflectance. Some relatively unexplored sources have the potential to enhance predictive 

power: (1) radar data from remote sensors, particularly valuable in regions with frequent cloud 

cover where high-quality optical imagery is scarce. However, the main challenge is pre-processing 

to reduce noise levels, although recent advances have improved their applicability and translation 

into biophysical variables (Mullisa et al., 2021; Veloso et al., 2017); (2) VIs that assess 

photosynthetic efficiency, beyond conventional VIs focused on absorbed radiation (e.g., NDVI or 

EVI for fAPAR or LAI estimation). Among these, solar-induced chlorophyll fluorescence (SIF) 

may provide insights into radiation use efficiency for biomass production, as it originates from 

chlorophyll radiation emission under stress (Mohammed et al., 2019; Zeng et al., 2022). Other 

indices based on radiation reflectance such as the photochemical reflectance index (PRI), also 

estimate this efficiency, although their dependence on hyperspectral data currently limits their use 

to private satellites or hand-held and drone-mounted devices (Garbulsky et al., 2011). 
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Another way to improve models is to make them more interpretable, which increases their 

universality and practical applicability. One approach is to incorporate predictive variables with a 

stronger causal relationship to yield. The current trend prioritizes accuracy, often leading to the 

inclusion of multiple predictors, diverse data sources, and complex algorithms. However, these 

models may be difficult to communicate, limiting their adoption in scenarios where prediction 

error is only one of several considerations (Rudin, 2019). In this context, integrating prior 

knowledge into predictor variables can help balance accuracy and interpretability. For example, 

instead of using a VI time series directly, differentiating it by key phenological stages, such as 

critical crop periods, can guide the algorithm, reduce prediction error, and clarify how the 

prediction is constructed (Pei et al., 2025). As a result, more interpretable models function not only 

as predictive tools, but also as diagnostic tools to support crop management decisions. 

Summary 

In this study, we revisited existing frameworks for crop yield prediction based on remotely sensed 

spectral data (Fig. 2.1). Since the first efforts in the 1970s, multiple methodologies have emerged 

to integrate this information into predictive models. Here, we identified and synthesized three 

major groups of frameworks, each with its subgroups: (1) models based directly on spectral data, 

including simple statistical and machine learning models (Fig. 2.2, Table 2.1); (2) models based 

on derived biophysical variables, classified as empirical or based on resource capture and use 

efficiencies (Fig. 2.3, Table 2.2); and (3) models integrating spectral data with crop simulation 

models, including data assimilation, metamodels, and hybrid models (Fig. 2.4, Table 2.3). We then 

discussed key aspects common to all approaches, such as data requirements for model calibration, 

interpretability, accuracy, and spatio-temporal transferability. We found considerable 

heterogeneity among frameworks (Table 2.4), making it difficult to define a single best approach. 
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Instead, the optimal choice depends on the objective, available data, and expertise. Future research 

should focus on the development of crop yield prediction models with high spatio-temporal 

coverage and resolution, especially at the field or sub-field scale, as such models remain scarcely 

explored in the scientific literature. Advancing this research efforts at field or sub-field level would 

provide a clear pathway to improving the practical relevance of crop yield prediction models, 

ultimately improving farmers' decisions and livelihoods worldwide. 
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3. Spatio-temporal transferability of satellite-based wheat 

yield prediction models 

Abstract 

Developing universal crop yield prediction models that are transferable across regions and years 

is crucial for food security. Here, we aimed to develop satellite-based wheat yield prediction 

models that only require location and sowing date as user inputs, and assess their accuracy when 

transferred to unknown years or regions. We analyzed 5,265 wheat fields across seven regions in 

Argentina (2018–2023), including yield, location, sowing date, and anthesis date from a 

phenological model. We integrated absorbed radiation derived from satellite imagery with weather 

data to develop Elastic-Net models predicting yield from 50 days before anthesis to 20 days after, 

using three frameworks: (1) training and evaluating within the same year/region, (2) evaluating in 

unknown years/regions to test transferability, and (3) evaluating in future years with cumulative 

training from previous years. Absorbed radiation was the key predictor, whose importance 

increased as anthesis approached, while weather variables were marginally important. Yield 

prediction models lost more accuracy when predicting unknown regions rather than years, with 

spatial transfer errors up to three times greater than temporal transfer. When predicting future 

years, the median error at anthesis was 0.67 t ha-1 (17%). This study demonstrates the robustness 

of satellite-based models to predict wheat yield in unknown years, while highlighting the 

challenges of transferring these models to unknown regions. Since models were driven by 

absorbed radiation, the remaining error likely arises from differences in conversion efficiency into 

yield, varying more across regions than years. These field-scale models combine accuracy, pre-

harvest anticipation and simplicity, making them valuable tools for various stakeholders. 



35 

Keywords: estimation; forecast; machine learning; NDVI; fAPAR; Sentinel-2; MODIS  



36 

Introduction 

Global food demand is growing faster than production, threatening consistent access to sufficient, 

nutritious, and safe food (Lal, 2016). Addressing this issue requires optimizing the entire food 

production chain, with a focus on advanced crop yield prediction models (Clark et al., 2023; 

Schauberger et al., 2020). These models provide real-time forecasts throughout the growing 

season, aiding in the reduction of price volatility, the identification of affected regions, and the 

effective allocation of resources. Timely and accurate data on global food production is crucial for 

food security (Burke et al., 2020; Fritz et al., 2019). 

Ideally, crop yield prediction models should meet specific criteria to be practical. First, models 

should provide early-season yield predictions to support tactical decisions, enabling field-scale 

optimization for farmers and regional-scale resource allocation for governments and NGOs 

(Paveley et al., 1997; van der Velde et al., 2019). Second, models should require minimal input 

data. Currently, most "low-input" models operate at regional scales, while field or sub-field models 

often require extensive inputs or rely on datasets with limited spatial or temporal coverage, thereby 

limiting their adoption (Basso & Liu, 2019). Third, agronomically interpretable models are 

desirable to serve both as a predictive tool and resource for post-season analysis, enabling 

stakeholders to assess management and environmental factors affecting yields (Hu et al., 2023; 

Lobell, 2013). 

The main challenge for yield prediction models is to maintain accuracy when applied to 

unknown years or regions (temporal and spatial transfer, respectively). Temporal transfer is critical 

since the main goal of these models is to forecast yield into future, which can be tested by training 

models exclusively on data from previous years. Spatial transfer, on the other hand, assesses the 

applicability of models to regions without historical data, which can be tested by training models 
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in specific regions and applying them directly elsewhere. According to the meta-analysis by 

Schaurberger et al. (2020), only half of yield prediction models included independent evaluations 

using data outside the training set. Furthermore, even among those that did, many relied on random 

data splits such as the classical 70% for training and 30% for evaluation (Filippi et al., 2025). Such 

evaluations are not entirely spatio-temporal independent and tend to produce artificially low errors, 

thereby limiting our ability to anticipate model performance in real-world applications (Morales 

& Villalobos, 2023). Nevertheless, some successful examples exist: Cai et al. (2019) utilized the 

“Leave-One-Year-Out” method to evaluate temporal transferability of wheat yield prediction 

models in Australia at the county scale, achieving consistent accuracy with the exception of a dry 

year, while Priyatikanto et al. (2023) applied “transfer learning”, a technique rooted in deep 

learning, to predict maize yield at the county scale across regions and years in United States, 

finding spatial transfer more challenging due to higher variability between regions than years. 

Despite advances made in this field, studies utilizing large, multi-year, multi-regional datasets and 

field-scale models that are agronomically interpretable remain scarce. 

In this context, satellite data help to develop such models because vegetation indices estimate 

the fraction of photosynthetically active radiation absorbed by crops (fAPARgreen; Sellers et al., 

1987), thereby facilitating the estimation of crop growth rate (Hiker et al., 2008). Many studies 

have modeled yield using satellite data from single or multiple crop phenological stages (Bolton 

& Friedl, 2013; Lobell et al., 2015; Schwalbert et al., 2020). As satellites capture absorbed 

radiation, most of the model error arises from variability in the conversion efficiency of absorbed 

radiation into yield, driven by environmental and crop-specific factors. Consequently, the 

transferability of remotely-sensed models will depend on the degree of variability in this efficiency 
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between regions and years. To ensure that these empirical models can reliably predict yield, it is 

critical to assess their spatio-temporal transferability. 

Wheat (Triticum aestivum L.) is the most widely cultivated crops globally and is key to 

ensuring food security (Shewry & Hey, 2015). Due to the heterogeneity of production 

environments, the development of yield prediction models that are transferable across years and 

regions remains a significant challenge. As noted above, satellites capture the radiation absorbed 

by the crop, but not the efficiency with which it is converted into grain yield. Temporal and spatial 

variations on this efficiency in wheat may be due to environmental (Barlow et al., 2015; Rodriguez 

& Sadras, 2007), genetic (Miralles & Slafer, 1997; Reynolds et al., 2012), or management factors 

(Caviglia & Sadras, 2001; Estrada-Campuzano et al., 2012), ultimately hindering model 

transferability. 

The objectives of this study were to: 1) develop satellite-based wheat yield prediction models 

at the field scale using only location and sowing date as user inputs, and assess their accuracy when 

trained and evaluated within the same year or region, 2) assess the loss of accuracy when 

transferring models to predict yield in unknown years or regions, and 3) assess a specific case of 

temporal transfer by simulating operational conditions (e.g. predicting future years from the 

cumulative training from previous years). 

Methodology 

 General description of the methodology 

The conceptual framework presents the three main stages on this study: 1) compilation of an 

agronomic database, 2) compilation of satellite and weather databases, and 3) modeling for yield 

prediction. Briefly, for the first stage, we compiled an agronomic database with yield, location, 

sowing date, and genotype for 5,265 wheat fields across six years and seven regions in Argentina. 
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We estimated crop phenology, mainly anthesis dates, using a phenological model (Fig. 3.1, stage 

1). For the second stage, we retrieved time series of fAPARgreen from Sentinel-2 and MODIS 

satellites and weather variables from NasaPower (Fig. 3.1, stage 2). Lastly, for the third stage, we 

tested different yield models to explore the three objectives. For objective 1, we trained and 

evaluated yield prediction models within the same year and region using data from 50 days before 

to 20 days after anthesis, at 10-day intervals. For objective 2, we assessed the loss of accuracy of 

models when transferred to predict unknown years and regions, not included in the training dataset. 

Lastly, for Objective 3, we assessed a specific case of temporal transfer by simulating operational 

conditions and predicting future years using training data from previous years only (Fig. 3.1, stage 

3). 
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Figure 3.1: Conceptual framework of the study. Stage 1: compilation of an agronomic database 

with field-year information and estimated anthesis dates. Stage 2: compilation of fAPARgreen time 

series derived from Sentinel-2 and MODIS satellites and weather data from NasaPower. Stage 3: 

yield prediction modeling framework: training and evaluation within the same year or region 

(Objective 1), evaluation in unknown years or regions (Objective 2), evaluation in future years 

(Objective 3). 

Study region 

The entire study region spans from 26°S to 39°S and 57°W to 65°W in Argentina, encompassing 

diverse environmental conditions and crop management practices (Fig. 3.2A and 3.2B). We 

partitioned the entire region into seven regions defined by the Consortium of Regional 

Experimentation of Agriculture organization (CREA), a non-profit organization that connects 

more than 2,000 farming companies organized into sub-regional groups. These regions are 
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heterogeneous in environmental and management conditions (Calviño and Monzon, 2009; Magrin 

et al., 2005): frost-free period ranges from 140 days in the south to 180 days in the north, mean 

annual temperatures from 14°C to 22°C, and annual precipitation from 500 mm in the southwest 

to 1,200 mm in the east. The dominant soils are mollisols and vertisols. Individual fields are 

extensive, with a median size of 57 ha in our dataset (5th percentile 14 ha, 95th percentile 184 ha). 

Almost all fields are no-till and spring wheat is sown from April to August. As the sowing date 

progresses, farmers switch from long to short cycle genotypes to time anthesis just after the last 

frost of the season. Thus, anthesis dates converge for different sowing dates and genotype cycles, 

but vary significantly with latitude. In the north (latitude < 30°S) anthesis occurs in mid-

September, while in the south (latitude > 36°S) it occurs in mid-November. Harvesting takes place 

about 50 days after anthesis. 
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Figure 3.2: Study region and field boundary delineation example. A) Entire study region: orange 

dots refer to the 5,265 field-year observations, solid black lines with numbers refer to the seven 

regions, and dashed black lines refer to Argentina’s national boundaries. Field-years outside 

regions were assigned to the nearest one. B) Location in the continent and regions. C) Field 

delineation: white dots refer to farmer-reported geographic coordinates, and yellow polygons 

refer to delineated field boundaries. 
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Agronomic dataset and phenology estimation 

We compiled a farmers database on wheat fields spanning from 2018 to 2023 from CREA Traced 

Agricultural Data (DATCREA, https://www.crea.org.ar/dat-crea/), comprising 6,724 field-year 

records with data on year, coordinates, area, genotype, sowing date, and grain yield. For each field-

year, we delineated boundary polygons using farmer-provided coordinates and verified against 

Sentinel-2 satellite images from each year to ensure alignment with reported areas (Fig. 3.2C, 

QGIS.org, 2022). A total of 1,007 records were discarded due to inaccurate coordinates or 

ambiguous field boundaries. 

 To estimate crop phenology, we developed a model to predict emergence, anthesis, and 

physiological maturity dates based on sowing date, latitude and longitude. We utilized the web-

based model “CronoTrigo” designed for wheat in Argentina (Miralles et al., 2007, available in 

Spanish version: http://cronotrigo.agro.uba.ar/index.php/). CronoTrigo is freely available after 

registration and integrates historical climate records for 256 counties in the Argentine wheat region 

and 76 commercial genotypes calibrated for photoperiod and vernalization responses. CronoTrigo 

requires inputs of genotype, county, and sowing date and provides estimated dates for emergence, 

anthesis, and physiological maturity. For this study, we estimated phenological dates for 4,533 

field-years in our dataset that grew genotypes available in CronoTrigo. We then regressed these 

phenological dates against sowing date, latitude, and longitude and obtained a model to estimate 

phenological dates for any field-year without requiring specific genotype information, relying 

solely on field sowing date and coordinates. The mean absolute errors were 0.81 days for 

emergence, 4.19 days for anthesis, and 3.5 days for physiological maturity (Fig. S1-S3). 
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Satellite and weather datasets 

For each field-year, we calculated NDVI from March 1 to December 31 for all pixels using 

Sentinel-2 (COPERNICUS/S2_SR_HARMONIZED, bands 4 and 8) and MODIS 

(MODIS/061/MOD09Q1, bands 1 and 2) satellite imagery in Google Earth Engine (Gorelick et 

al., 2017). Sentinel-2 has a spatial resolution of 10 m for NDVI bands, a temporal resolution of 5–

6 days, and high-quality images in our study region from 2019 onwards. MODIS, operational for 

over 20 years, has a spatial resolution of ~250 m with a daily temporal resolution; however, the 

product used provides the highest-quality pixel reflectance every 8 days. To avoid including pixels 

overlapping extra-field areas, we applied a negative buffer of 20 m to Sentinel-2 images and 100 

m to MODIS images around each polygon. For Sentinel-2, we applied two filters to the data: 1) 

selecting images with less than 50% cloud cover across the mosaic, and 2) retaining only pixels 

classified as non-cloud and non-cirrus, based on the ‘QA60’ band. We discarded a total of 240 

field-years due to satellite data gaps exceeding 16 days. 

Based on the NDVI. for each field-year we calculated the daily time series of the fraction of 

incident photosynthetically active radiation absorbed by the crop (fAPARgreen, Fig. 3.3), 

transforming each pixel into fAPARgreen using models calibrated for wheat by Pellegrini et al. 

(2020), specifically for Sentinel-2 and MODIS in our study region. Then, we averaged 

fAPARgreen values from all pixels of each field-year and date. In order to produce daily data and 

to reduce the residual noise from clouds and cirrus, we applied a two-step process to smooth the 

fAPARgreen time series. In the first step, we fitted a local regression and computed the differences 

between predicted and observed fAPARgreen values. If the predicted value exceeded the observed 

value, we kept the positive difference; otherwise, we set the difference to zero. In the second step, 

we fitted a new local regression, this time weighted by the difference vector. This weighting 



45 

reduced the influence of observations where fAPARgreen decreased, likely due to errors from 

clouds or aerosols rather than natural crop development (Cai et al., 2017). Local regressions were 

implemented using the loess() function in R software (R Core Team, 2023), setting both 

regressions to degree two with a span of 0.2. 

 

Figure 3.3: fAPARgreen estimates and transformations. A) Example of a time series of 

fAPARgreen for a field-year. Each point refers to an estimate of fAPARgreen from MODIS NDVI 

(green points) and Sentinel-2 NDVI (orange points) using the models of Pellegrini et al. (2020). 

The black solid line refers to the final smoothed fAPARgreen time series. B) Same as A, but 

expressed relative to days centered at anthesis, with phenology estimated based on location and 

sowing date. C) Smoothed fAPARgreen time series for all field-years. Each black line refers to a 

field-year. 
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For each field-year, we compiled a daily weather database. We retrieved daily data from the 

Prediction of Worldwide Energy Resource, which reports variables at a spatial resolution of ~60 

km (NASA POWER, https://power.larc.nasa.gov/data-access-viewer/): incident 

photosynthetically active radiation, precipitation, and mean, minimum, and maximum air 

temperature at 2 m, as well as dew point temperature. We calculated the daily vapor pressure 

deficit for each field-year from daily maximum, minimum, and dew point temperature (FAO, 

https://www.fao.org/4/x0490e/x0490e07.htm). 

Data analysis 

Before analyzing the data, we removed 212 field-years from the database, 118 of them because 

fAPARgreen values were above 0.25 at sowing, indicating likely incorrect sowing dates (examples 

in Fig. S4). The 94 additional field-years were excluded because the radiation-to-grain conversion 

efficiencies (calculated as grain yield divided by total absorbed radiation) exceeded twice the 

theoretical maximum of 1.5 g MJ⁻¹, based on a maximum radiation use efficiency for biomass for 

spring wheat of 3 g MJ⁻¹ (Reynolds et al. 2012) and harvest index of 0.5 (Foulkes et al. 2011). 

Those fields were likely to be summer crops rather than wheat (examples in Fig. S5). The final 

dataset included 5,265 field-years. 

For the first objective (assess model accuracy when trained and evaluated within the same year 

or region), we randomly split field-years within each year and region to train individual models 

specific to each year and region (70% training, 30% evaluation). Prediction times ranged from 50 

days before anthesis to 20 days after, at 10-day intervals. To ensure robust results, we repeated the 

process of splitting, training, and evaluating the model 100 times per year and region, using the 

median error as the model evaluation metric. In addition, we applied the “Leave-One-Covariate-

Out” method to quantify the importance of each predictor. For each trained model for a year or 
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region in a given prediction time, we individually removed each predictor variable and recalculated 

error metrics, obtaining a relative error increase. In order to assess the overall importance of each 

predictor variable at a given prediction time, we averaged the relative error increase across years 

and regions. 

For the second objective (assess the loss of accuracy when transferring models to predict 

unknown years or regions), we developed yield models to predict each year or region based on 

training data on all possible combinations of the remaining years or regions. For testing temporal 

transferability, each of the six years (2018-2023) was predicted using 31 different models, with 

training data ranging from one to five years. Similarly, to assess spatial transferability, each of the 

seven regions was predicted using 63 different models, with training data ranging from one to six 

regions. We calculated the error metrics for each temporal and spatial evaluation, and compared 

them to those in the previous objective to assess the loss of accuracy. We limited this objective to 

the prediction time with the lowest error identified in the previous objective. 

For the third objective (simulate operational conditions), we predicted an entire year using 

models trained exclusively on data from prior years. For instance, models for 2019 were trained 

with 2018 data, while models for 2023 were trained with data from 2018 to 2022. Since 2018 was 

the first year in our dataset, we did not predict this initial condition.  

For all models, we used five predictor variables: fAPARgreen, incident PAR (IPAR), 

precipitation (Prec.), temperature (Temp.), and vapor pressure deficit (VPD). We incorporated 

fAPARgreen differently depending on the prediction time: before and in anthesis, we included 

fAPARgreen with its value at the prediction time, while for predictions after anthesis, we included 

the cumulative daily integral of fAPARgreen from anthesis. Weather variables were summarized 

from the emergence date to the prediction time as: cumulative incident photosynthetically active 
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radiation (MJ m⁻²), cumulative precipitation (mm), average daily temperature (°C), and average 

daily vapor pressure deficit (MPa). 

We employed the Elastic-Net algorithm, a linear regression method that combines Lasso and 

Ridge penalties to minimize the sum of squared errors, select relevant variables, and reduce 

overfitting (Zou and Hastie, 2005). The model structure is defined in Eq. 3.1: 

𝑌𝑖𝑒𝑙𝑑 = β0 + β1 ∗ fAPARgreen+ β2 ∗ 𝐼𝑃𝐴𝑅 + β3 ∗  Prec. + β4 ∗ 𝑇𝑒𝑚𝑝. +β5 ∗ 𝑉𝑃𝐷 + 𝐸𝑟𝑟𝑜𝑟     (𝐸𝑞. 3.1) 

where β0 is the intercept of the model, and β1 to β5 are the slopes for each predictor variable. If a 

variable is not important, its slope takes a value equal to or close to 0 (Zou and Hastie, 2005). We 

optimized the hyperparameters through 5-fold cross-validation on the training dataset, testing 

different combinations of α, the Lasso-Ridge balance, and λ, the regularization intensity (details 

in Appendix A). We selected the best hyperparameter combination on the training dataset and then 

used it to predict field-years for the evaluation dataset. We assessed model performance using two 

metrics: median absolute error (MAE, t ha⁻¹), and median absolute percentage error (MAPE, %), 

defined in Eq. 3.2 and Eq. 3.3: 

𝑀𝐴𝐸 (𝑡 ℎ𝑎−1)  =  𝑀𝑒𝑑𝑖𝑎𝑛( | 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑦𝑖𝑒𝑙𝑑 −  𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑦𝑖𝑒𝑙𝑑 | )                                            (𝐸𝑞. 3. 2) 

𝑀𝐴𝑃𝐸 (%)  =  𝑀𝑒𝑑𝑖𝑎𝑛( 
 | 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑦𝑖𝑒𝑙𝑑 −  𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑦𝑖𝑒𝑙𝑑 | 

𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑦𝑖𝑒𝑙𝑑
 )                                                (𝐸𝑞. 3.3) 

All the statistical analysis was conducted in R software (R Core Team, 2023), using the 

libraries tidyverse for data wrangling and visualization (Wickham et al. 2019), and glmnet() for 

fitting Elastic-Net models (Friedman et al. 2021). 

Results 

Models to predict yield within the same region or year 

When predicting yield in the same region or year as the training dataset, errors decreased as the 

crop cycle progressed, with variations observed between regions and years (Fig. 3.4). Overall, the 
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MAE decreased from 0.83 t ha⁻¹ at 50 days before anthesis to 0.61 t ha⁻¹ at anthesis, while the 

MAPE decreased from 21% to 16%. After anthesis, errors stabilized at similarly low levels. In 

some years or regions, errors decreased significantly over the crop cycle (e.g., region 1 or year 

2020), while in others, the reduction was more gradual (e.g., region 3 or year 2021). In a few cases, 

errors remained consistent throughout the crop cycle (e.g., region 4, years 2018 and 2019). 

 

Figure 3.4: Median absolute errors (MAE, t ha−1) as a function of the days centered at anthesis. 

Each panel represents a predicted region (A) or year (B) with a model trained on data from the 

same year or region. 

The fraction of incident photosynthetically active radiation absorbed by the crop 

(fAPARgreen) was the most important variable for yield prediction, with its importance increasing 

as the crop cycle progressed (Table 3.1). Removing fAPARgreen from the model consistently 

increased the MAE, from 16% at 50 days before anthesis to 63% at anthesis, maintaining similar 

levels after anthesis. This latter scenario occurs since fAPARgreen at anthesis and its cumulative 

integral after anthesis are highly correlated (r = 0.98), conveying nearly identical information. In 
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contrast, weather variables had a minimal effect on MAE, with changes always below 6%. Models 

trained on the complete dataset are shown in Table S1. 

Table 3.1: Relative increase in median absolute error (MAE) after excluding each predictor 

variable from the model, compared to the full model with all variables included (%). Values 

represent the average relative increase in MAE across regions and years for each prediction time, 

expressed as days centered at anthesis. 

Models transferred to predict yield in unknown regions or years 

Models lost accuracy when transferred to unknown regions, particularly when they were trained 

with data from only a few other regions, but maintained accuracy when transferred to unknown 

years. For instance, when predicting region 4, the model trained with data exclusively from region 

4 achieved a MAE of 0.5 t ha⁻¹ at anthesis (Fig. 3.5, orange dashed line). In contrast, models trained 

with data from a single other region showed consistently higher errors, with MAE reaching up to 

1.65 t ha⁻¹ (Fig. 3.5, gray points), representing a 1.15 t ha⁻¹ error increase attributable to spatial 

transfer (1.65 t ha⁻¹ vs. 0.5 t ha⁻¹). However, when predicting the same region with a model trained 

using data from all the remaining six regions, the MAE was 0.72 t ha⁻¹, resulting in a considerably 

smaller error increase of 0.22 t ha⁻¹ (0.72 t ha⁻¹ vs. 0.5 t ha⁻¹). This pattern of higher errors when 

transferring models trained with data from only a few regions was observed across all regions, 

with some showing more pronounced increases (e.g., region 1 or 7) than others (e.g., region 3). In 

 Removed variable Days centered at anthesis 

 -50 -40 -30 -20 -10 0 10 20 

fAPARgreen 16 25 33 42 51 63 67 64 

Incident PAR 2 2 2 1 2 1 1 1 

Temperature 5 6 4 3 2 1 1 1 

Precipitation 1 1 1 2 1 1 2 2 

Vapor pressure deficit 1 1 1 1 1 1 2 3 
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contrast, transferring models between years resulted in only slight error increases. For the worst 

case, predicting yield for 2022 with a model trained on other years resulted in a MAE of 0.92 t 

ha⁻¹, compared to 0.54 t ha⁻¹ when using data from 2022 itself, representing an error increase of 

0.38 t ha⁻¹ due to temporal transfer (0.92 t ha-1 vs 0.54 t ha-1). In summary, transferring models to 

predict unknown regions led to MAE increases that were three times higher in the worst case than 

those observed when transferring to unknown years (1.15 t ha⁻¹ vs. 0.38 t ha⁻¹). 

 

Figure 3.5: Model accuracy when transferred to predict unknown regions or years. A) Median 

absolute error (MAE, t ha⁻¹) at anthesis as a function of the number of regions included in the 

training dataset. Each panel corresponds to a predicted region outside the training dataset. Gray 

points represent the MAE for specific combinations of regions used in model training. The orange 

dashed lines indicate the MAE for models trained and evaluated within the same region (see 

methodology for objective 1 and Fig. 3.3). For the location of each region, see Fig. 3.1A. B) Same 

as A), but for predicted years based on models trained with data from other years. 

As the largest error increases due to transfer were observed when training models with data 

from a single region or year, we analyzed each case in greater detail. On one hand, we identified 
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regions and years with good general transferability. For example, models trained on region 1, the 

one with lowest yields, maintained acceptable accuracy when transferred to other regions (Fig. 

3.6A). Similarly, models trained on data from 2021 achieved adequate accuracy when transferred 

to other years, except in the case of 2022 (Fig. 3.6B). On the other hand, we identified a 

phenomenon of "hysteresis", in which a model trained on a specific region or year retained 

accuracy when transferred to a second region or year, but lost accuracy when transferred from the 

second to the first. An example of this phenomenon is observed between regions 1 and 7: a model 

trained on region 1 successfully predicted region 7 with a MAE of 0.69 t ha⁻¹, only slightly higher 

than the MAE within region 7 (0.63 t ha⁻¹). However, when the model was trained on data from 

region 7 and transferred to region 1, the MAE increased to 1.44 t ha⁻¹, considerably higher than 

the MAE within region 1 (0.44 t ha⁻¹). In general, models were transferable when regions or years 

had a similar relationship between yield and fAPARgreen at anthesis, regardless of the distribution 

of yield or fAPARgreen data (examples in Fig. S6). 
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Figure 3.6: Model accuracy when predicting yield with models trained on a single region (A) or 

year (B). A) Median absolute error (MAE, t ha⁻¹) at anthesis for predicted regions based on models 

trained using a single region. Values in the diagonal within black squares indicate the MAE at 

anthesis for models trained and evaluated within the same region (see methodology for objective 

1 and Fig. 3.3.). For the location of each region, see Fig. 3.1A. B) Same as A), but for predicted 

years based on models trained using a single year. 

Models to predict yield in future years from the cumulative training from previous 

years. 

Our models predicted yield at anthesis with varying accuracy when applied to future years, 

simulating operational conditions (Fig. 3.7). Between 2019 and 2021, accuracy progressively 

increased, coinciding with an increasing number of years available for model training, from only 

one year in 2019 (2018) to three years in 2021 (2018–2020). For instance, the MAE at anthesis 

was 0.75 t ha⁻¹ in 2019, 0.67 t ha⁻¹ in 2020, and 0.53 t ha⁻¹ in 2021. Similarly, the MAPE at anthesis 

was 18% in 2019 and 2020, decreasing to 12% in 2021. However, this trend was interrupted in 

2022, when the model recorded the lowest accuracy, with a MAE of 0.76 t ha⁻¹ and MAPE of 24%. 

This year was highly atypical for wheat in Argentina due to repeated frosts during the crop’s 
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critical period near anthesis. Finally, in 2023, accuracy returned to normal values, with a MAE of 

0.65 t ha⁻¹ and MAPE of 16%. 

 

Figure 3.7: Accuracy metrics for the simulation of operational conditions. A) Median absolute 

error at anthesis (MAE, t ha⁻¹) for each predicted year (2019 to 2023). The model for each year 

was trained using data from previous years, as indicated in parentheses above the columns. B) 

Same as A), but showing the median absolute percentage error at anthesis (MAPE, %). 

Discussion 

This study provides new insights into the spatio-temporal transferability of crop yield prediction 

models using remote sensing. Leveraging a large field-scale database combined with satellite and 

weather data, we developed wheat yield models primarily driven by absorbed radiation 

(fAPARgreen). These models demonstrated good performance in predicting yield for unknown 

years but, when transferred to unknown regions, they lost accuracy. This reduction in accuracy is 

likely attributable from greater variability in the efficiency of converting absorbed radiation into 

grain yield (i.e., grain yield per unit of fAPARgreen) across different regions. Factors such as 

climatic conditions (Barlow et al., 2015; Rodriguez & Sadras, 2007), agronomic practices 
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(Caviglia & Sadras, 2001; Estrada-Campuzano et al., 2012), and genotypic differences (Miralles 

& Slafer, 1997; Reynolds et al., 2012) likely influence this efficiency in wheat. Supporting this 

rationale, training models with datasets that progressively included more regions mitigated this 

issue by capturing a more representative "average" conversion efficiency, reducing spatial transfer 

errors. Some studies (e.g., Gaso et al., 2025; Khaki et al., 2020) downplay the challenges of spatial 

transfer probably because they evaluated predictions within the geographic domain of the training 

data, unlike our approach of testing on entirely new regions. Other research (e.g., Ma et al., 2021; 

Priyatirkto et al., 2023) supports our finding that transferring models across regions is more 

difficult than transferring them across years. 

Our findings about model transferability provide guidance for developing yield prediction 

systems. From a model developer’s perspective, when resources for data collection—such as 

polygons, yield, or management data—are limited, our results suggest that prioritizing data from 

multiple regions over multiple years better captures variability for model training. On the other 

hand, from a user’s perspective, models trained on data from a few years and applied within the 

same training region are likely to perform better than those trained on multiple years but transferred 

from other regions. Consequently, one primary goal of these systems—forecasting yield in future 

years—can be achieved once sufficient data from the target region has been collected. These 

models not only enable forecasting yield, but also mapping historical yields to analyze yield-

determining factors and gaps relative to potential yields (Deines et al., 2023; Lobell, 2013). 

For regions with limited or no data, transferring models from other regions remains a 

significant challenge. A potential solution involves developing agronomically interpretable 

models. By explicitly accounting for the factors driving yield predictions, these models enable 

developers to better anticipate performance in regions outside the training set (Loyola-Gonzalez, 
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2019; Rudin, 2019). Incorporating process-based knowledge helps generate hypotheses about the 

agronomic contexts where a model is likely to perform well or face limitations, as interpretability 

provides insights into how predictions are constructed. Furthermore, our findings underscore the 

need for rigorous transferability evaluations that reflect realistic error rates. These evaluations 

should mimic the conditions under which the models are intended to operate—such as forecasting 

in future years or predicting in previously unobserved regions—, ensuring accurate 

communication of real-world application errors (Fillippi et al., 2025; Morales & Villalobos, 2023). 

This approach helps avoid reliance on artificially low error rates often produced by conventional 

random dataset splitting, where training and evaluation datasets are not fully spatio-temporally 

independent (Roberts et al., 2017). 

Our models predicted wheat yield well before harvest at the field scale, combining accuracy, 

simplicity, and interpretability. First, unlike most studies that report calibration errors or evaluate 

models using random data partitions or by predicting past years with future data, we assessed 

accuracy by predicting future years (Paudel et al., 2023; Schauberger et al., 2020). Second, our 

models provided field-scale predictions with broad spatial and temporal coverage, while most prior 

studies operate at the regional scale or rely on geographically concentrated datasets spanning 

limited years, with few exceptions (Brinkhoff et al., 2024; Deines et al., 2021; Ma et al., 2024). In 

fact, all previous work in our study region used county-scale (not field-scale) data (Lopresti et al., 

2015; Zachow et al., 2024). Third, our models achieved acceptable errors 40–50 days before 

anthesis, with accuracy improving as anthesis approached. Early predictions can guide 

management decisions, such as late fertilization or fungicide applications, while predictions at 

anthesis support commercial and harvest decisions (Fieuzal & Baup, 2017; Shuai & Basso, 2022). 

Fourth, our models offer a simpler and more practical alternative to those needing extensive data 
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inputs, only needing sowing date and field location as user inputs. Finally, their agronomic 

interpretability, based on absorbed radiation, makes them valuable for both yield prediction and 

post-season analysis. 

Wheat yield predictions were primarily driven by fAPARgreen from satellite data, with 

accuracy improving as anthesis approached. During this stage, the crop determines its main 

numerical yield component, grain number, which is closely linked to the crop growth rate, 

explaining why fAPARgreen serves as a reliable predictor (Carrera et al., 2024). Before anthesis, 

accuracy depended on the correlation between early-stage fAPARgreen and its value at anthesis, 

along with deviations of final yield from the historical average. Early predictions largely reflected 

the historical average, minimally adjusted by fAPARgreen. After anthesis, during grain filling, 

accuracy remained stable since wheat yield variation is more proportionally defined by grain 

number rather than grain weight (Borrás et al., 2004; Slafer et al., 2014). This contrasts with crops 

like maize and soybean, in which post-flowering satellite data improved predictions (Lobell et al., 

2015; Schwalbert et al., 2020). These results reinforce the importance of incorporating crop 

phenological estimates for accurate yield predictions using remote sensing (Bolton & Friedl., 

2013; Nieto et al., 2022). Additionally, fAPARgreen proved to be far more relevant for yield 

prediction than weather variables, likely because it effectively captures weather effects through its 

relationship with crop growth. Furthermore, simpler algorithms like Elastic-Net, which leverage 

the linear relationship between yield and fAPARgreen, performed as well as nonlinear machine 

learning algorithms such as Random Forest or XGBoost (Appendix B, Fig. S7). 

Future research could explore the following priorities: 1) extend transferability assessments to 

other major crops beyond wheat; 2) address spatial transferability across more contrasting global 

wheat producing regions; 3) expand temporal analyses beyond six years to better capture long-
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term variability driven by climate change, new genotypes, and evolving management practices; 

and 4) improve accessibility to field-scale weather data more related to conversion efficiency from 

absorbed radiation into yield, such as freeze or heat damage, to reduce satellite-based model error. 

Conclusion 

Yield prediction models were primarily driven by satellite-derived absorbed radiation 

(fAPARgreen), showed increasing accuracy as the crop cycle progressed toward anthesis. While 

the models retained accuracy when transferred to predict yield for unknown years, they lost it when 

applied to unknown regions. This result is likely attributable to greater spatial variability in the 

efficiency of converting absorbed radiation into yield. Notably, the models successfully predicted 

future-year yields at the field scale when trained on previous years, simulating operational 

conditions and achieving errors of 0.67 t ha⁻¹ (17%) at anthesis, 50 days before harvest. This 

achievement is significant as the models required only field location and sowing date as user 

inputs. These findings contribute to advancing the development of more universal yield prediction 

models based on remote sensing. 
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4. Final remarks 

In this thesis, we have revisited frameworks for crop yield prediction using the most widely used 

data source: spectral data from remote sensors. Among the available methods for yield 

prediction—including regional surveys, weather variables, and crop simulation models— remote 

sensing stands out for its ability to acquire detailed spatio-temporal crop information in a fast, 

accurate and non-destructive manner. This spectral information can be integrated into predictive 

models through various frameworks, each with different data requirements, accuracy, 

interpretability, and transferability to other agronomic scenarios. 

Given this diversity, in the second chapter we synthesized the main frameworks for crop yield 

prediction based on spectral data. We identified three major groups of models, each with specific 

subgroups: (1) models based directly on spectral data, further classified into simple statistical 

models and machine learning models; (2) models based on derived biophysical variables, including 

empirical approaches and models based on resource capture and use efficiencies; and (3) models 

based on the integration of spectral data with crop simulation models, ranging from data 

assimilation to metamodel calibration and hybrid model development. For each framework, we 

described how spectral data are incorporated into predictive models and analyzed three key 

aspects: data requirements for calibration, the trade-off between interpretability and predictive 

power, and spatio-temporal transferability. In this synthesis, we did not establish a single superior 

framework, but highlighted that the optimal choice depends on the objective, data availability and 

expertise of the researcher. 

Building on this knowledge, in the third chapter we developed yield prediction models for 

wheat at the field-scale, requiring only sowing date and location as user inputs. These models 

relied primarily on satellite-derived absorbed radiation, supplemented by weather data. To assess 
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the spatio-temporal transferability of the models, our main focus, we implemented three predictive 

approaches. In the first approach, we trained and evaluated models within the same region or year 

and obtained the lowest prediction error at anthesis, approximately 50 days before harvest (0.61 t 

ha-1; 16%). In the second approach, we evaluated models in unknown regions or years. The models 

maintained accuracy when predicting in unknown years but lost accuracy when applied to 

unknown regions, with spatial transfer errors up to three times larger than temporal transfer errors. 

In the third approach, we simulated operational conditions by predicting future years using models 

trained exclusively on past years, yielding a median error at anthesis of 0.67 t ha⁻¹ (17%). Our 

results demonstrated the robustness of satellite-based models for yield prediction in unknown years 

while highlighting the challenges associated with spatial transferability. As these models were 

based on absorbed radiation, some of the error was likely due to variations in the efficiency of 

converting absorbed radiation into yield, which appeared to vary more between regions than 

between years. In summary, these field-scale models combined accuracy, pre-harvest prediction 

and simplicity, making them a valuable tool for a range of stakeholders. 

Future research could expand the findings of this thesis. In particular, we identify three 

promising research directions: (1) comparing multiple yield prediction frameworks within the 

same study and dataset. These include simple regressions between yield and VIs, machine learning 

and deep learning algorithms, and models that integrate spectral data with simulation models. A 

key aspect is evaluating how interpretability, accuracy, and transferability change depending on 

the amount and level of data processing (e.g., raw spectral bands, VIs, or derived biophysical 

variables); (2) assessing model transferability in more challenging scenarios, such as their 

application across different production systems or crops, to develop more universal models; and 

(3) incorporating complementary remote sensing data sources, such as solar-induced chlorophyll 
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fluorescence (SIF), to better capture the effect of crop conversion efficiency. Unlike traditional 

VIs, which estimate the radiation absorbed by the crop, SIF captures variations in the efficiency 

of the crop to convert absorbed radiation into biomass. Although some studies have explored this 

index (e.g., Cai et al. 2019), its application in yield prediction remains limited due to the relatively 

low spatio-temporal resolution of available satellite-based measurements. Advancing these 

research directions would contribute to the development of more accurate, interpretable, and 

universal models. 
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Appendix A - Supplementary material 

 

Figure S1: Emergence date provided by the phenological model ‘CronoTrigo’ 

(http://cronotrigo.agro.uba.ar/index.php/) as a function of the modeled emergence date based on 

sowing date, latitude, and longitude. Each black dot refers to a field-year observation. The black 

line refers to the 1:1 relationship, while the red line refers to the fit between values on both axes. 

The x-axis was constructed from the model: Emergence date (DOY) = -37.4 + Latitude * (-0.9) + 

Longitude * (-0.17) + Sowing date * 1.06. Latitude and longitude are expressed in decimal 

degrees, and sowing date is expressed as day of the year (DOY). The mean absolute error was 

0.81 days. 
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Figure S2: Anthesis date provided by the phenological model ‘CronoTrigo’ 

(http://cronotrigo.agro.uba.ar/index.php/) as a function of the modeled anthesis date based on 

sowing date, latitude, and longitude. Each black dot refers to a field-year observation. The black 

line refers to the 1:1 relationship, while the red line refers to the fit between values on both axes. 

Anthesis Date (DOY) = -610 + Latitude * (-24.5) + Longitude * (-11.1) + Latitude * Longitude * 

(-0.32) + Sowing Date * 0.30. Latitude and longitude are expressed in decimal degrees, and 

sowing date is expressed as day of the year (DOY). The mean absolute error was 4.19 days. 
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Figure S3: Physiological maturity date provided by the phenological model ‘CronoTrigo’ 

(http://cronotrigo.agro.uba.ar/index.php/) as a function of the modeled physiological maturity 

date based on sowing date, latitude, and longitude. Each black dot refers to a field-year 

observation. The black line refers to the 1:1 relationship, while the red line refers to the fit between 

values on both axes. Physiological Maturity Date (DOY) = 1605 + Latitude * 30.6 + Longitude * 

25.3 + Latitude * Longitude * 0.61 + Sowing Date* (-13.9) + Sowing Date * Latitude * (-0.37) + 

Sowing date * Longitude * (-0.23) + Sowing Date * Longitude * Latitude * (-0.01). The mean 

absolute error was 3.5 days. 
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Figure S4: Example of field-years removed due to an fAPARgreen value greater than 0.25 at 

sowing. Each panel refers to one field-year. Black lines refer to the smoothed fAPARgreen time 

series. The start of each black line corresponds to the sowing date reported by the farmer, while 

the end corresponds to the estimated physiological maturity date. 
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Figure S5: Example of field-years removed due to a radiation-to-grain conversion efficiency 

greater than 3 g MJ⁻¹. Each panel refers to one field-year. Black lines refer to the smoothed 

fAPARgreen time series. The start of each black line corresponds to the sowing date reported by 

the farmer, while the end corresponds to the estimated physiological maturity date. 
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Figure S6: Observed yield (t ha-1) as a function of the fraction of photosynthetically active 

radiation absorbed by the crop at anthesis (fAPARgreen). Each point represents a field-year 

observation, and solid lines indicate the linear fit between axes based on all field-year data. The 

density plots reflect the distribution of yield and fAPARgreen at anthesis for each database subset. 

A) Example of two subregions with a similar relationship between yield and fAPARgreen at 

anthesis. B) Example of two subregions with a different relationship between yield and 

fAPARgreen at anthesis. C) Same as A, but with years. D) Same as B, but with years. 
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Figure S7: Median absolute errors (MAE, t ha⁻¹) as a function of days centered at anthesis for 

Elastic-Net (red line), Random Forest (green line), and XGBoost (blue line). Each panel 

corresponds to a forecasted year, with models trained exclusively on data from previous years. 
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Table S1: Models for forecasting wheat yield at different moments of the crop cycle trained based on all available data (5.625 field-

years). Yield: t ha-1; fAPAR (fraction of photosynthetically active radiation absorbed the crop): from 50 days before to anthesis, its 

value correspond to the value at the forecast time, while for forecasts after anthesis, its value correspond to the cumulative daily 

fAPARgreen from anthesis, unitless in both cases; Temp (average daily temperature): °C; IPAR (cumulative incident photosynthetically 

active radiation): MJ m⁻²; Prec (cumulative precipitation): mm; VPD (average daily vapor pressure deficit): MPa. All weather variables 

were summarized from the emergence date to the forecast time. Coefficients were rounded to four decimals. 

Days centered 

at anthesis 

Model 

-50 Yield = 7.8379 + 3.2104 * fAPAR - 0.4357 * Temp + 0.0007 * Prec - 0.0047 * IPAR + 0.5922 * VPD 

-40 Yield = 7.1966 + 3.6511 * fAPAR - 0.4527 * Temp + 0.0014 * Prec - 0.0041 * IPAR + 1.4509 * VPD 

-30 Yield = 5.5487 + 4.1183 * fAPAR - 0.3972 * Temp - 0.0014 * IPAR + 1.3523 * VPD 

-20 Yield = 3.9769 + 4.52 * fAPAR - 0.3331 * Temp - 0.0002 * Prec + 0.0001 * IPAR + 1.2656 * VPD 

-10 Yield = 2.9649 + 4.8478 * fAPAR - 0.2667 * Temp + 0.0007 * IPAR + 1.0126 * VPD 

0 Yield = 0.7608 + 5.0575 * fAPAR - 0.1237 * Temp – 0.0002 * Prec + 0.0023 * IPAR + 0.3446 * VPD 

10 Yield = - 0.5541 + 0.4698 * fAPAR - 0.0242 * Temp - 0.0007 * Prec + 0.0031 * IPAR -0.3652 * VPD 

20 Yield = - 2.0415 + 0.2557 * fAPAR + 0.0777 * Temp - 0.0003 * Prec + 0.0035 * IPAR - 0.8634 * VPD 
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Appendix B - Elastic-Net hyperparameter optimization 

We optimized the hyperparameters of Elastic-Net using 5-fold cross-validation on the training 

dataset. The optimal combination of alpha and lambda was identified by minimizing the mean 

absolute error (t ha⁻¹). The values of alpha evaluated were 0, 0.0001, 0.001, 0.01, 0.1, 0.2, 0.3, 0.4, 

0.5, 0.6, 0.7, 0.8, 0.9, and 1, while lambda was explored within the range of 0 to 100 in increments 

of 0.1. For each combination of these values, a model was trained on four folds and its mean 

absolute error was calculated on the remaining fold. The combination of alpha and lambda that 

yielded the lowest mean absolute error across the five folds was selected as the optimal set of 

hyperparameters. 
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Appendix C - Random Forest and XGBoost hyperparameter 

optimization  

We optimized the hyperparameters of Random Forest and XGBoost using 5-fold cross-validation 

on the training dataset to minimize the mean absolute error (t ha⁻¹). For Random Forest, we tuned 

the number of trees (ntree) at 100, 500, 1000, 1500, and 2000, and the number of variables per tree 

(mtry) using sequential values from 1 to 4 (the total number of predictors minus one). For 

XGBoost, we evaluated the number of trees (nrounds) at 50, 200, and 300, the maximum tree depth 

(max_depth) at 2, 3, 5, 8, and 10, the learning rate (eta) at 0.005, 0.01, and 0.1, and the proportion 

of features per tree (colsample_bytree) at 0.7 and 1. In both cases, models were trained on four 

folds and validated on the fifth. Finally, we selected the combination of hyperparameters that 

minimized the average mean absolute error across the five folds. This procedure was conducted 

exclusively for the third objective (predicting future years based on the cumulative training of 

previous years). We used the libraries randomForest (Liaw & Wiener, 2002) and xgboost (Chen 

& Guestrin, 2016) in R software (R Core Team, 2023) within the caret framework (Kuhn, 2008). 


