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Short abstract 
 

 

Spatialization enables crop models to be applied at different spatial scales than their original, designed 

scale. Models can be upscaled or downscaled. Downscaling allows well-accepted, existing crop models 

to be used at finer modeling scales. This PhD project investigated how downscaling of crop models 

could work so that they can be used for precision agriculture. It realized that new metrics for evaluating 

the spatialized crop model performance were needed, as existing crop model metrics were limiting. To 

do this, the Spatial Balance Accuracy metric was proposed to assess both spatial and non-spatial errors 

in the crop model predictions. The project also proposed that spatial calibration can be used to spatialize 

crop models. Spatial data was used to define zones in fields where key model parameters were calibrated 

differently without changing the model equations. This proved to be a viable approach when the 

calibrated target variable itself exhibited a spatial structure. 

Keywords Downscaling, Spatial patterns, Spatial calibration, Evaluation metrics  

 

Résumé court 
 

 

La spatialisation permet aux modèles de culture d'être appliqués à des échelles spatiales différentes de 

leur échelle d'origine. Les prédictions de ces modèles peuvent être sujettes à une réduction ou un 

agrandissement. La réduction d'échelle permet d'utiliser les modèles de culture existants bien acceptés 

à des échelles de modélisation plus fines. Cette thèse a étudié comment la réduction d'échelle de ces 

modèles pourrait fonctionner afin qu'ils puissent être utilisés pour l'agriculture de précision. Il a été 

montré que de nouvelles métriques pour évaluer les performances de ces modèles spatialisés étaient 

nécessaires, car les métriques existantes étaient limitantes. Pour ce faire, la métrique Spatial Balanced 

Accuracy a été proposée pour évaluer les erreurs spatiales et non spatiales dans les prédictions des 

modèles de culture. La thèse a également proposé que la calibration spatiale puisse être utilisée pour 

spatialiser ces modèles. Les données spatiales ont été utilisées pour définir les zones dans les parcelles 

où les paramètres clés du modèle ont été calibrés différemment sans changer les équations du modèle. 

Cela s'est avéré être une approche viable lorsque la variable cible calibrée elle-même présentait une 

structure spatiale. 

Mots clefs Réduction d’échelle, Motifs spatiaux, Calibration spatiale, Métriques d’évaluation 
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Abstract 
 

 

Crop models play a key role in simplifying and understanding complex agronomic systems. However, 

not all practitioners are interested in modeling agronomic variables at the same spatial scale. Changing 

the spatial scale at which such variables are modeled is therefore a necessary process to meet 

environmental and societal expectations. Spatialization enables a crop model to be applied at a different 

spatial scale from its native spatial footprint. More specifically, downscaling spatialization processes 

are identified as an opportunity to use existing crop models, initially designed at field scale use, at finer 

modeling scales (within-field scale) without modifying the internal structure of the model. This will 

permit a more tactical use of crop models for management, compared to their current, mainly strategic 

use. Particular attention was paid to mechanistic crop models, as they provide a better understanding of 

the biological, physiological and physical processes associated with the agronomic variables modeled. 

However, these biophysical crop process equations are generally designed at the field scale, and it is 

still unclear how a change of spatial resolution will particularly affect mechanistic crop models. This 

PhD project is based on the assumption that existing crop models are efficient and well recognized by 

the agronomic community. Thus, using them at finer spatial scales, by rethinking their use, would make 

it possible to employ these models into precision agriculture without having to use ‘true’ spatial crop 

models, which are more complicated to design. This led to the general research issue: is the spatialization 

of existing crop models, by using downscaling processes, conceivable and relevant for their use at 

within-field scales? However, the evaluation of the performance of these spatialized crop models at 

different scales needed to be rethought to take into account both aspatial and spatial pattern errors. These 

statements have led to the following specific scientific questions: how to perform a relevant evaluation 

and comparison of spatialized crop model performances across different spatial scales? And, is the 

spatial calibration of selected crop model parameters an effective method of downscaling existing crop 

models to permit modeling at within-field scales? Evaluation of the spatialized crop model performances 

at different spatial scales should be possible with the right metric. However, the metrics currently used 

are not the most relevant for assessing the performance of such models. A new metric has therefore been 

proposed: Spatial Balanced Accuracy (SBA). The SBA enables a relevant evaluation of spatialized crop 

models, taking into account the aspatial and the spatial pattern-based error of the considered variable(s). 

A spatial calibration approach was also implemented to downscale the spatial scale of two crop models, 

a simple and a complex model, to the within-field scale. This method proved successful, for both model 

types, when the modeled variable was strongly spatially structured and when ancillary data correlated 

with this variable were available. The intention was not to draw general conclusions on the spatialization 

of crop models, but to formalize this concept in a precision agriculture context and to build a basis for 

future research on the tactical use of these models at the within-field scale. 
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Résumé 
 

 

Les modèles de culture jouent un rôle clé dans la simplification et la compréhension des systèmes 

agronomiques complexes. Cependant, tous les utilisateurs ne sont pas intéressés par la modélisation de 

variables agronomiques à la même échelle spatiale. Changer l'échelle spatiale à laquelle ces variables 

sont modélisées est donc un processus nécessaire pour répondre aux attentes environnementales et 

sociétales. La spatialisation permet d'appliquer un modèle de culture à une échelle spatiale différente de 

son empreinte spatiale native. Plus précisément, les processus de spatialisation par réduction d'échelle 

sont identifiés comme une opportunité d'utiliser les modèles de culture existants, initialement conçus à 

l'échelle de la parcelle, à des échelles de modélisation plus fines (échelle intra-parcellaire) sans modifier 

la structure interne du modèle. Cela permettra une utilisation plus tactique des modèles de culture pour 

la gestion, par rapport à leur utilisation actuelle, principalement stratégique. Une attention particulière a 

été portée aux modèles de culture mécanistes, car ils permettent de mieux comprendre les processus 

biologiques, physiologiques et physiques associés aux variables agronomiques modélisées. Cependant, 

ces équations biophysiques des processus des cultures sont généralement conçues à l'échelle de la 

parcelle, et l’impact d’un changement de résolution spatiale est encore mal connu sur les prédictions des 

modèles de culture mécanistes. Ce projet de thèse est basé sur l'hypothèse que les modèles de culture 

existants sont efficients et bien reconnus par la communauté agronomique. Ainsi, les utiliser à des 

échelles spatiales plus fines, en repensant leur utilisation, permettrait d'employer ces modèles en 

agriculture de précision sans avoir à recourir à de « vrais » modèles spatiaux de culture, plus compliqués 

à concevoir. Cela a conduit à la question générale de recherche : la spatialisation des modèles de culture 

existants, en utilisant des processus de descente d'échelle, est-elle envisageable et pertinente pour leur 

utilisation à des échelles intra-parcellaires ? Cependant, l'évaluation des performances de ces modèles 

de culture spatialisés à différentes échelles a dû être repensée pour prendre en compte les erreurs de 

modèle aspatiales et spatiales. Ces constats ont conduit aux questions scientifiques spécifiques suivantes 

: comment effectuer une évaluation et une comparaison pertinentes des performances des modèles de 

culture spatialisés à différentes échelles spatiales ? Et, est-ce que la calibration spatiale des paramètres 

du modèle de culture sélectionné est une méthode efficace de réduction d'échelle des modèles de culture 

existants pour permettre la modélisation à l'échelle intra-parcellaire ? L'évaluation des performances des 

modèles de culture spatialisés à différentes échelles spatiales devrait être possible avec la bonne 

métrique. Cependant, les métriques actuellement utilisées ne sont pas les plus pertinentes pour évaluer 

les performances de tels modèles. Une nouvelle métrique a donc été proposée : Spatial Balanced 

Accuracy (SBA). Le SBA permet une évaluation pertinente des modèles de culture spatialisés, en tenant 

compte de l'erreur aspatiale et spatiale de la (ou des) variable(s) considérée(s). Une approche de 

calibration spatiale a également été mise en œuvre pour réduire l'échelle spatiale de deux modèles de 

culture, un modèle simple et un complexe, à l'échelle intra-parcellaire. Cette méthode s'est avérée 

efficace, pour les deux types de modèles, lorsque la variable modélisée était fortement structurée 

spatialement et que des données auxiliaires corrélées à cette variable étaient disponibles. L'intention 

n'était pas de tirer des conclusions générales sur la spatialisation des modèles de culture, mais de 

formaliser ce concept dans un contexte d'agriculture de précision et de construire une base pour de 

futures recherches sur l'utilisation tactique de ces modèles à l'échelle intra-parcellaire. 
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Foreword 
 

 

Agrosystems are complex systems in which several biotic and abiotic interactions combine to affect the 

crop production component. Moreover, agroecosystems tend to further increase the number of 

interactions and complicate the understanding of the production and environmental systems. Crop 

models have a key role to play in the simplification and understanding of complex agronomic production 

systems. Such crop models, whatever their underlying processes (e.g. statistical, mechanistic, machine 

learning based), are used to model agronomic variables by taking into account parameters and 

interactions that affect the considered agronomic variable. If well developed and correctly deployed, 

crop models can be used to answer specific agronomic questions, especially in cases where experimental 

measurements in a field are too time consuming and/or expensive to sufficiently answer a considered 

agronomic question. Modeling also has the advantage of being applicable across temporal dimensions 

to assess past or future production scenarios, which is particularly important in the understanding of 

agricultural systems in a context of climate change or longer-term implications of modifications to 

cultural practices. Therefore, crop models are useful tools to provide data to facilitate agricultural system 

understanding. 

Precision agriculture aims to increase the sustainability of agrosystems and input efficiency by 

adapting cultural practices at the within-field scale. Used within decision support tools, crop models can 

be used by farmers to support their site-specific management strategy. However, crop models are 

commonly as point-based models and are initially designed and experimented at the field scale, i.e. the 

field is considered to be a homogeneous spatial modeling unit. Thus, they are designed to reproduce 

bioprocesses at that specific spatial scale. Using such crop models at spatial scales other than the field 

scale is made possible by spatialization processes. Many studies, related to climate change impact on 

crop production, have applied crop models on a larger scale (e.g. county, regional, national scale) 

through the use of upscaling methods. However, only a few studies have investigated the use of crop 

models at smaller spatial scales than the field scale using downscaling methods. Such spatialized crop 

models at the within-field scale should be able to reproduce within-field variability and the spatial 

pattern of the considered agronomic variable. If this is achieved, this will allow spatialized crop models 

to be used as another data layer for short-term, in-season spatial management. In this manuscript, 

spatialization refers to a change in the spatial resolution (footprint) of the crop modeling, i.e. there is no 

modification of the core internal crop model structure and it remains a point-based process. There is a 

distinction to be made with spatial models, which do take into account neighboring modeling units to 

compute the value of each considered modeling unit. This kind of model is often used in hydrology 

especially in relation to modeling water dynamic fluxes. 

In this PhD project, there is an assumption made that spatialized (or spatial) crop models have 

an important point to play in site-specific crop management. Given this, and the investment spent in 

developing and improving existing crop models, coupled with recent development in spatializing these 

crop models; then the spatialization approach to generating site-specific crop predictions seems more 

appropriate than redeveloping spatial crop models, which would require significant changes to the core 

crop model equations. A focus on mechanistic (also called process-based) crop models was also made 

for their ability to understand the underlying biophysical processes within model sub-processes and 

equations. Therefore, the term ‘crop models’ is used in this manuscript to refer to process-based crop 

models. For parts of this work, synthetic data had to be generated to investigate specific subjects. These 

synthetic data will be designated as ‘simulated data’, while ‘modeled data’ will be reserved for use with 

crop model outputs, i.e. the considered agronomic variable modeled by the crop model. 
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To address the scientific questions posed in this project (Section 1.3.1), this manuscript is 

divided into five chapters. The first chapter presents a global introduction emphasizing the context of 

the crop model spatialization. It highlights scientific questions that arise from using and evaluating 

spatialized crop model data. The next three chapters deal with research developed during the PhD 

project. This research is divided into two broad issues. The first one addresses theoretical aspects related 

to performance evaluation of spatialized crop models, while the second addresses methods for 

spatializing crop models to within-field scales for precision agriculture purposes. These four chapters 

are made of one or two scientific papers (in total there are three published and two submitted papers 

within the manuscript). Each chapter is introduced by an intention note and finished with a conclusion 

to position the published/submitted papers within the global scientific approach of the PhD project. The 

last chapter consists of a general discussion on the PhD project outcomes and its contribution to precision 

agriculture and crop modeling. It concludes with some perspectives linked to future research needs. 
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Chapter 1 

 

State of the art, research positioning and 

scientific questions of the PhD project 
 

 

1.1. Intention note 

Crop models are commonly used to advise farmers, policymakers or agronomic researchers in their 

decision-making thanks to their capacities to facilitate understanding of bio physiological crop processes 

(Silva and Giller, 2020). However, all of these practitioners are not necessarily interested in modeling 

at the same spatial scales because their decisions do not have the same spatial reach. In the literature, 

many studies highlight the spatial dependency of crop models and wonder if these crop models are able 

to correctly model the spatial variation whatever the considered spatial scale (Challinor et al., 2017; Han 

et al., 2019; Xu et al., 2020; You et al., 2022). Crop models can be based on various approaches that 

could be statistical (Lobell et al., 2008; Ray et al., 2015), based on machine learning processes 

(Maimaitijiang et al., 2020; van Klompenburg et al., 2020) or mechanistic (Jones et al., 2017a). The 

question about the change in spatial resolution is particularly relevant for mechanistic crop models, 

because equations describing crop biophysical processes are generally designed at the field scale. Many 

studies have used these kind of crop models at other spatial scales by using spatialization methods 

(Acevedo-Opazo et al., 2008; Baralon et al., 2012; Basso et al., 2001; Chen et al., 2017; Huard et al., 

2019). Moreover, the goals and methods to achieve the spatialization of such crop models are diverse. 

To our knowledge, there is no state of the art allowing to identify and classify in a logical way the 

different approaches proposed in the literature. Thus, a first working assumption is that reviewing the 

reasons and the methods employed by practitioners and crop modelers will be useful to clarify and 

understand how and why spatialization processes are used. Particular attention will be paid to 

mechanistic (also called process-based) crop models. Process-based crop models are designed with 

equations that describe processes, i.e. agronomic variables are modeled by considering driving 

parameters and variables (e.g. sunlight, temperature, water, nutrients, etc.) and their interactions at the 

field scale. The choice to focus on these types of crop models within the PhD project was made because 

these models have a better potential to understand the biological, physiological and physical processes 

associated with the modeled agronomic variable compared to others crop model types (e.g. statistical or 

machine learning-based models). However, the use of mechanistic crop models in a spatialization 

process does raise questions of whether or not the described processes are scale-independent or if 

different processes and interactions could occur at different spatial scales. 

 Changing the spatial resolution (footprint) of a point-based model also raises questions about 

the evaluation of the modeling performances. Spatialized crop models should maintain a spatial 

consistency in the modeled agronomic variable. However, classical metrics used to evaluate crop model 

performances do not explicitly take into account spatial data characteristics. Thus, these classical metrics 

could lead to bias in the interpretation of the quality of spatialized crop models at different scales. 

Therefore, another working assumption was that by reviewing how spatialized crop models are assessed 

could show a relevant assessment of such models and if not, could identify the statistical needs for a 

relevant evaluation. The assessment of spatialized crop models could be improved by using metrics that 

account for both aspatial and spatial error in model outputs. 
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To address these questions, under the assumptions outlined above, a literature review was 

performed (Section 1.2). Questions highlighted in the literature review were used to inform and to 

specify the research positioning and scientific questions of the PhD project (Section 1.3). This includes 

the context of the research, objectives of the project and the specific scientific questions addressed 

(Section 1.3.1.), the general approach implemented across the project (Section 1.3.2.) and a general 

description of layout of the thesis (Section 1.3.3). 

1.2. A review of methods to evaluate crop model performance at multiple 

and changing scales 

1.2.1. Details about the paper 

1.2.1.1. Title and publication information 

The following section was published in Precision Agriculture as a literature review in February 2022. 

The full citation is: 

Pasquel, D., Roux, S., Richetti, J., Cammarano, D., Tisseyre, B. and Taylor, J. A. (2022). A review of 

methods to evaluate crop model performance at multiple and changing spatial scales. Precision 

Agriculture, 23(4), 1489–1513. https://doi.org/10.1007/s11119-022-09885-4. 

1.2.1.2. Authors 

Pasquel D.1,*, Roux S.2, Richetti J.3, Cammarano D.4,5, Tisseyre B.1, Taylor J.A.1 

1 ITAP, Univ. Montpellier, INRAE, Institut Agro, Montpellier, France 
2 MISTEA, Univ. Montpellier, INRAE, Institut Agro, Montpellier, France 
3 CSIRO Agriculture & Food, Floreat, WA, Australia 
4 Department of Agronomy, Purdue University, West Lafayette, IN, USA 
5 Department of Agroecology, iClimate, CBIO, Aarhus University, Tjele, Denmark 
* Corresponding author: daniel.pasquel@inrae.fr 

1.2.1.3. Abstract 

Crop models are useful tools because they can help understand many complex processes by simulating 

them. They are mainly designed at a specific spatial scale, the field. But with the new spatial data being 

made available in modern agriculture, they are being more and more applied at multiple and changing 

scales. These applications range from typically at broader scales, to perform regional or national studies, 

or at finer scales to develop modern site-specific management approaches. These new approaches to the 

application of crop models raise new questions concerning the evaluation of their performance, 

particularly for downscaled applications. This article first reviews the reasons why practitioners decide 

to spatialize crop models and the main methods they have used to do this, which questions the best place 

of the spatialization process in the modelling framework. A strong focus is then given to the evaluation 

of these spatialized crop models. Evaluation metrics, including the consideration of dedicated sensitivity 

indices are reviewed from the published studies. Using a simple example of a spatialized crop model 

being used to define management zones in precision viticulture, it is shown that classical model 

evaluation involving aspatial indices (e.g. the RMSE) is not sufficient to characterize the model 

performance in this context. A focus is made at the end of the review on potentialities that a 

complementary evaluation could bring in a precision agriculture context. 

1.2.1.4. Keywords 

Spatialization, Scaling methods, Crop model uncertainty, Sensitivity analysis, Spatial pattern 
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1.2.1.5. Glossary 

Crop model: A system-based model that is used to simulate daily dynamic interactions between the 

“soil-plant-atmosphere-management” (Wallach et al., 2019). In a broader sense, they complement field 

experiments and can be used to extrapolate/integrate observed data. 

Point-based model: A model designed to predict variables on a point (i.e. a unit support) without taking 

into account neighboring data or effects to compute the variable. This is what is considered a ‘classical’ 

crop model. 

Spatialization (or model spatialization): Means to apply point-based models spatially across an area 

different from the native model area (unit support) on which it was designed. 

Spatialized model: A point-based model that has had a spatialization process applied to it (see above). 

Spatial model: A model designed to compute output variables taking into account neighboring data 

or/and effects.  

Spatial footprint: The native model spatial area. 

Finer scale: Corresponds to a more accurate resolution (disaggregation method, smaller pixels) or the 

use of a model on a smaller scale than which the model was initially designed. 

Larger scale: Corresponds to a more coarse resolution (aggregation method, larger pixels) or the use of 

a model on a larger scale than which the model was initially designed. 

Processes: Corresponds to an activity ensemble which are correlated or interactive. These activities can 

be biological, environmental, physical or chemical. 

The term ‘variable’ is only used to describe a model input or model output. 

A ‘state variable’ is a variable that is internal (calculated) and not an input and is not necessarily 

expected to be given as a model output. 

The term ‘parameter’ is only used to describe a part of a model. Parameters can be calibrated using 

different methods. 

Calibration: A process to find the best values of model parameters by using the observed data, a 

consequence of the calibration is that simulated data are better fitted to observed data. 

Resolution: Refers to the minimum scale of both spatial and/or temporal phenomena (i.e. is non-

specific). If a statement only refers to a spatial or a temporal phenomenon, then it will be described as 

such (i.e. spatial resolution or temporal resolution), otherwise it may mean either or both. 

Data assimilation: A suite of methods to combine simulated data from a model and observed data. It 

aims to find an optimal combination between both to improve model predictions (e.g. by recalibrating 

or updating a model) (Huang et al., 2019). 

Data fusion: Methods to combine data from different sources into an integrated and unified compound 

with higher quality of information (Bleiholder and Naumann, 2009; Oliveira et al., 2021). 

Evaluation: Refers to the question of knowing how well model predictions are relevant with measures 

collected in real-world situations. The aim is to ascertain the value computed by models. 
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1.2.2. Introduction 

In many scientific domains, including agronomy, environmental sciences and hydrology, models are a 

way to simplify reality through a series of assumptions and by representing processes (Bouman et al., 

1996; Sinclair and Seligman, 1996; van Ittersum and Donatelli, 2003). These models are often necessary 

to answer a specific question and are designed around this objective. Models come in various forms. 

Statistical models (also called empirical models) use a mathematical relation between different 

variables. The principal drawback of statistical models is that they are designed on observed data and 

are ill suited for use in sites or applications that were not involved in the model parameterization and 

development. They also cannot predict values in an uncertain context (e.g. impact of climate change on 

crop growth) (Jones et al., 2017a). In contrast, purely mechanistic models (also called process-based 

models) rely on the modelling of biophysical processes. They are based on mathematical equations that 

describe physiological processes (and not on mathematical equations that simply link two variables, as 

in statistical modelling). They can be derived in the absence of any real data as long as the process has 

been described. Mechanistic models can be deterministic, i.e. without random variations within the 

model and equations, so that for a given set of inputs, the result will always be the same. Mechanistic 

models can also be stochastic, i.e. the models and equations include random effects, so that results will 

change between simulations even if the inputs remain constant. Most of the crop models are a 

combination between process-based and empirical models, resulting in mechanistic deterministic 

models. 

 Models are useful tools in agro-environmental fields because they can help understand many 

complex processes by simulating them. Indeed, models can be used as a surrogate to estimate data that 

are hard, expensive or cumbersome to measure. Models account for relationships between crop growth 

and environmental, management and genetic factors. Therefore, there is a huge interest in using crop 

modelling to see how crop growth is impacted by these factors or to quantify ecosystem services. In 

other words, crop models are system-based models that aim to simulate interactions between the “soil-

plant-atmosphere-management” (Hoogenboom, 2000; Wallach et al., 2019). To achieve this, 

multidisciplinary approaches are needed and crop models can take into account biological, 

physiological, ecological, physical or economical components. Integrating these approaches in crop 

modelling has led to the development of large crop models, such as APSIM (Holzworth et al., 2014), 

DSSAT (Hoogenboom et al., 2021, 2019; Jones et al., 2003), STICS (Brisson et al., 2003, 2002, 1998), 

WOFOST (de Wit et al., 2019), CropSyst (Stöckle et al., 2003) or AquaCrop (Hsiao et al., 2009; Raes 

et al., 2009; Steduto et al., 2009). Crop models are explanatory tools that are typically used in scenarios 

testing. For example, (Asseng et al., 2018) used an ensemble of crop models to understand the climate 

change impact and adaptation for wheat protein on a global level. 

While crop modelling has become common within agricultural research domains for long-term 

strategic applications, it has traditionally been poorly used in shorter-term (single-season) production 

contexts (Asseng et al., 2013; Cammarano et al., 2020). This is changing. Modern agriculture has 

increasing access to data, including spatial data, which is providing increased possibilities to model 

agricultural systems, particularly using statistical modeling coupled to machine-learning approaches. It 

also provides an opportunity to integrate these data into conventional crop modelling platforms and to 

change the way these ‘traditional’ crop models can be used. One of the main ways that this is occurring 

is via the spatialization of crop models. 

 Most existing crop models are “point-based models” (Heuvelink et al., 2010). Spatialization is 

a way to apply these point-based models spatially across an area, by taking advantage of the new data 

available and applying these models to new scenarios without fundamentally changing the underlying 

model. Spatialization of crop models is of interest to the agricultural community as predictive crop 

modelling, particularly short to medium term predictions at field or subfield scales, is becoming an 

important part of modern site-specific management approaches. This is shifting the use of these 
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‘traditional’ crop models from long-term strategic applications, such as understanding long-term crop 

production potential under a changing climate, to short-term tactical applications and spatial 

applications. Examples of short-term tactical applications would be the determination of local fertilizer 

requirements given within-season production potential or generating in-season production estimates 

across local, regional or national scales to inform food security policy and actions. 

 The concept of model spatialization is not new. Faivre et al. (2004) defined spatializing a crop 

model as “using a crop model over areas larger than those over which it was developed”. At this stage, 

the idea was to upscale crop models from field/farm level modelling to regional level modelling. With 

a push toward precision agriculture, the concept of spatialization has evolved and became less restrictive. 

Within this review, spatialization is more simply defined as “using a crop model on another scale than 

which it was initially designed”. Thus, it could be applied at a larger scale or a smaller scale. This review 

will be focused on crop models but it is noted that the concepts developed could be applicable to any 

environmental models or other models in general. 

 Finally, the difference between spatializing a crop model and a spatial crop model is important. 

Point-based models do not take into account neighboring data or effects to compute a result at a point 

(or unit support) (Heuvelink et al., 2010). So with spatialized crop models, each point, regardless of its 

spatial footprint, is an independent simulation. An alternative would be to create crop models that do 

take into account spatial interactions between the unit supports to compute their results. These would be 

considered ‘true’ spatial crop models. However, this would require a fundamental change in the 

underlying crop model equations to achieve this and a considerable effort from the crop modelling 

community. Given the investment that has been made in current crop modelling platforms, short-term 

development seems better suited to spatializing crop models rather than redeveloping spatial models. 

Consequently, this review will focus on model evaluation with an emphasis on spatialized crop models, 

although it is recognized that some aspects in this review will be equally relevant to spatial crop model 

evaluation. 

 In the context of crop model use, shifting from strategic to tactical applications, model 

spatialization is expected to increase among agro-environmental models. Therefore, the purpose of this 

article is twofold: (i) to present an overview of different ways to spatialize a crop model and characterize 

more precisely spatialization methods and (ii) to review current ways that the outputs from these 

spatialized model are being evaluated and should be evaluated going forward. The article concludes 

with a comment on how these emerging spatialized crop models can be used in precision agriculture. 

1.2.3. Issues and methods of model spatialization process 

1.2.3.1. Model spatialization: goals and reasons 

1.2.3.1.1. Crop model spatial footprint 

Crop models were designed to understand and explain plant biophysical processes and developed with 

an assumption which considers a homogeneous unit support, i.e. same weather, soil and management in 

the simulated area; so they are point simulations or point-based models (Heuvelink et al., 2010). Crop 

models were also initially designed to operate at the field scale (van Ittersum and Donatelli, 2003). A 

common feature of crop models is that they have often been designed for a specific scale, and this scale 

refers to the scale of the processes that the models seek to predict. Nevertheless, Sinclair and Seligman 

(1996) highlight that processes described by models need to be described at a finer scale than the scale 

at which the models simulate outputs. Some models, such as DSSAT or STICS, were developed as a 

point represented by a small unit of support, for instance a homogeneous plot of one m2, and then scaled 

to the field scale, and model the crop as a single entity grown within a field with homogeneous 

production conditions (Faivre et al., 2004). Others, e.g. the MAPP potato model (MacKerron et al., 

2004), are based on small pot trials and simulate an individual plant, which is then grown in standard 

conditions at all points in the field. Note that this is not a spatialization of the model as all model inputs 
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and parameters are kept spatially constant. Regardless of whether it is modelled at the individual plant 

or the individual field/plot level, the observation implies that the crop model was designed to the scale 

of the specific object or process of study (e.g. leaf, plant, plot, field, watershed, region, etc.). For this 

review, the term spatial footprint of the model is defined as the scale of model outputs and conditions 

model inputs (Figure 1.1). Typically, the scale is the same for model inputs as for model outputs. Thus, 

to run a crop model, inputs need to correspond to the model spatial footprint and outputs will be obtained 

at the model spatial footprint scale. Therefore, if users need to have a different scale in output than the 

model spatial footprint, they will need to do some modifications, i.e. by spatialization (Ginaldi et al., 

2019). 

For this review, the spatialization process will not consider changes of scale to the molecular 

level, although the importance of the intersection of the ‘omics’ and the crop modelling community, 

especially using advances in high-throughput phenology platforms is noted. However, this intersection 

is more focused on advancing genetic improvements, rather than for crop management applications. 

 

 

 

Figure 1.1 Notion of crop model spatial footprint. The 

spatial footprint is illustrated here with a crop model 

designed at the field scale. Model outputs in the native 

form are at the field scale and then spatialization (red 

arrows) can be used to change the scale of the outputs 

(color Figure online). 

 

1.2.3.1.2. Reasons for spatialization presented in the agro‑environmental literature 

Figure 1.2 Schematic illustrating the main reasons why users of point-based crop and environment 

models have decided to spatialize their models. 
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Some users choose to spatialize crop models for specific purposes in order to obtain results that were 

not possible by using the crop model in its native spatial footprint. These reasons can be diverse but can 

be grouped together into several classes depending on the intended application (Figure 1.2). 

Site-specific crop management applications: Users may aim to shift from strategic to tactical 

use of crop models with a desire to inform short-term management at finer spatial scales (site-

specifically within fields). Thus, this refers to the use of crop models for precision agriculture purposes 

by aiming to have differential management across the field (Basso et al., 2011, 2001; Cammarano et al., 

2021; Chen et al., 2017). For example, sensors are commonly used to provide variable rate applications 

of nitrogen (Colaço and Bramley, 2018), however, a spatialized crop model could be the main driver for 

the variable map or to understand spatial variability of soil-plant interactions. 

Reveal and understand spatial heterogeneity: Models are often constructed to improve 

understanding of crop development, however, model phenomena and processes, and thus the 

understanding, are usually restricted to a specific scale (Balkovič et al., 2013). Nevertheless, users could 

wish to have an understanding on a finer scale of a phenomenon that is simulated over a relatively large 

area, e.g. with climate change simulations (Huard et al., 2019) and/or to characterize the local spatial 

heterogeneity (Li et al., 2020) by downscaling a variable that was originally too coarse. Therefore, model 

spatialization is proving to be useful for developing an understanding of processes at different spatial 

scales using both upscaling and downscaling methods (Blanchoud et al., 2020; Domínguez-Álvarez et 

al., 2021). 

Complete data sets: As well as an improved understanding of processes, models can be used to 

predict unknown or unsampled points within a population or area. Spatialization can provide more 

accurate model simulations using spatially varying inputs within a known domain. When models have 

been calibrated and evaluated, their outputs can be used instead of real observations, thus model 

spatialization may be desirable to reduce the working time and cost of obtaining measurements in the 

field (Acevedo-Opazo et al., 2010, 2008; Baralon et al., 2012). Models can be used to obtain difficult, 

infeasible or unavailable measurements (Constantin et al., 2019). 

1.2.3.2. Methods used for crop model spatialization 

In order to spatialize crop models, different methods have been applied according to the practitioner's 

objectives. These methods can relate to either or both the inputs and outputs of the models and will lead 

to a change of scale in the model input or output variables via the use of scaling methods at one particular 

point in the modelling process or, alternatively, scaling methods can be used in succession within a 

modified framework of crop model spatialization. An example of this would be the successive variable 

transformation of model inputs (e.g. to calculate an unknown model variable with a known/measured 

variable) then a change of scale of the model input/output variables. 

1.2.3.2.1. Change of scale of model outputs 

This is the simplest method of spatialization, whereby the model is run in its native form, without any 

changes to the inputs, model equations or the form of the outputs (i.e. there is no change of input/output). 

Once the output has been computed the scaling is achieved via spatial processing (e.g. geostatistical 

operators) only. The scaling methods (Figure 1.3) for model spatialization can be classified into different 

categories depending on whether they increase or decrease the resolution: upscaling and downscaling 

methods (Blöschl, 2005; Ewert et al., 2011; Faivre et al., 2004). The aim of downscaling methods is to 

increase the variable resolution over a given area. Upscaling methods have the opposite goal, they 

generate a coarser resolution of the variables. Different approaches to up/downscaling have different 

consequences on the data and may lead to a change of extent, change of coverage or change of spatial 

resolution. 
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Change of extent: Extrapolation is used for this purpose and aims to give a prediction on a wider 

area (e.g. farm, regional, national, etc.) than the inputs. Predictions are made into areas outside the spatial 

coverage of the original observations, i.e. the extent becomes larger (Acevedo-Opazo et al., 2010; 

Baralon et al., 2012; Roux et al., 2019), but the quality of prediction may be uncertain. The inverse 

process is termed ‘singling out’ to reduce the extent of the observations. This is a simple extraction 

process and the data quality is equivalent to the original observation(s). 

Change of coverage: Interpolation is used for this purpose and aims to provide estimates at 

locations where input variables are not available. Interpolation is performed over the entire area between 

known locations, for example by inverse distance weighting (IDW), kriging, spline functions or modern 

machine learning techniques. Reducing the coverage, or sub-setting the data, is performed using 

sampling approaches. 

Change of spatial resolution: Aggregation aims to give a coarse prediction scale of an event or 

a phenomenon, for example, by averaging the finer scale data to the desired coarser scale. 

Disaggregation is the opposite, obtaining a finer prediction scale of an event or a phenomenon that of 

the basic model pixel, it can be achieved by simply resampling the coarser data, such that a 10 x 10 m 

pixel could be disaggregated into 100 pixels of 1 m² with the same value, or by trying to differentially 

partition values spatially across the finer scale grid using some form of disaggregation model (Malone 

et al., 2013). 

The lack of fine resolution data for some inputs or low computational capacity relative to the 

large quantity of fine resolution data available for other inputs are reasons that have led to the use of 

upscaling in many studies (Grosz et al., 2017). Data aggregation can be useful or even necessary in order 

to simplify the understanding of the processes represented and to be able to draw applicable conclusions 

(Jankowski et al., 2001). Some issues are related to the spatialization of models when moving from a 

local scale to a more global scale, in particular when using aggregation. This raises questions of whether 

or not to use averaged data, in order to try to quantify heterogeneity, or to keep and use very fine 

resolution data (Allain et al., 2018). For instance, the over-simplification of the considered process is 

cited as critical to the use of aggregation and aggregated data (Scholes et al., 2013), but over-

simplification may not be suitable for the intended model use. 

Figure 1.3 Illustration of scaling methods used for model spatialization. Red processes refer to upscaling 

methods and blue processes refer to downscaling methods that use a spatial process. Black processes 

refer to a change of scale via direct extraction without using a spatial process (color Figure online). 

Adapted from Faivre et al. (2004). 
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Change of scale can be used to spatialize input or/and output data of a crop model. Thus, a crop 

model can be spatialized by running independent simulations in each unit (or pixel) of the desired area 

using spatial inputs or based on coarse independent simulations, after which the outputs undergo a 

change in scale. 

1.2.3.2.2. Spatial alterations of the crop modelling framework 

The methods outlined in Figure 1.3 aim to manipulate the output data but could equally be applied to 

scale model inputs before running the model. This generates, as highlighted by Ewert et al. (2011), other 

potential methods to manipulate the models to achieve a spatialized crop models. These model 

manipulation methods correspond for instance to the modification of model parameters, the 

simplification of model structures or the use of nested models. Note that the processes in Figure 1.3 are 

relevant to scaling inputs or outputs into a spatialized (crop) model. It is also potentially relevant even 

if the crop model framework has already been spatialized or a spatial crop model is being used. 

In the case of input modification, by rescaling the model inputs to take advantage of modern 

sensing technologies, such as satellite imagery, spatially explicit model input data can be generated. 

This then generates the question of how and when these spatially explicit data can be incorporated into 

the model and at what moment the spatialization process takes place in the modelling framework. Given 

the diversity of crop model types and approaches and the diversity in the type and availability of spatially 

explicit model input data, it is not surprising that in a very short time there have been various methods 

of crop model spatialization proposed. The variety of methods include, for instance, studies about vine 

water status at different scales (Acevedo-Opazo et al., 2010; Baralon et al., 2012), adaptation of wheat 

in a global warming context on a global scale (Asseng et al., 2018) or yield prediction at differing scales 

(Battude et al., 2016; Claverie et al., 2012). Figure 1.4 presents different crop model spatialization 

methodologies that have been synthesized from studies that have aimed to spatialize crop models. 

Figure 1.4 Schematic illustration of pathways, from data collection to final output, to apply 

spatialization processes to classical point-based crop models to obtain spatial model outputs. Common 

pathways (a and b) in the literature are indicated and represent the main spatialization framework, but 

other methods can be used inside these pathways. Red boxes and red arrows correspond to the moment 

where spatialization really occurs in the pathway. Change of spatial resolution refers to methods that 

change the data resolution by processes described in Figure 1.3 (extrapolation, interpolation, 

aggregation, disaggregation). Variable transformation refers to ancillary data being converted into 

model input variables. Black arrows correspond to simple transfers of data without changing data (color 

Figure online). 
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In Figure 1.4, the horizontal bars indicate the stages of the crop modelling process, from the 

collection of available data (top) to final model outputs (bottom), while the vertical arrows show 

potential pathways for modelling and the red arrows specifically indicate points where spatialization can 

occur. Figure 1.4 is constructed to indicate typical pathways for model spatialization. These include (a) 

a change of scale of model outputs and (b) a change of scale of the model inputs. Choosing whether to 

change the scale of model inputs or outputs or both is important because these methods will not have 

the same impact (Al-Shammari et al., 2021). 

The available spatial variables can be either variables measured in the field, calculated data or 

output data from an upstream model (Figure 1.4(i)). However, these available spatial variables (Figure 

1.4(ii)) may not necessarily be the same as the native variables (data) used as input by the original crop 

model (Figure 1.4(iv)). In some cases, these spatial data/variables are the same and can be directly used 

in the model. However, in a majority of cases, sensing and modelling systems do not directly measure 

the correct model variable at the correct spatial resolution to be usable by the crop model. Therefore, 

variable transformation may be required to obtain the correct variable to run the model (Figure 1.4(iii)). 

For example, many crop models use Leaf Area Index (LAI) but canopy sensors usually return a surrogate 

of LAI, such as a vegetation index (VI), at very high spatial resolutions. These available VI data may be 

subject to a mathematical relationship, for instance a transfer function, to modify and transform the VI 

values into LAI values for the considered crop. In the example of pathway (b), available variables may 

be subject to a change of resolution before being used in the model. Any approaches outlined in Figure 

1.3 can be applied to the input data to change the support, coverage or extent of the model, leading to a 

change of spatial resolution of inputs (Teixeira et al., 2017) (Figure 1.4(iii)). Often this change of scale 

is possible by using other ancillary data; the available data can be coupled with these ancillary data, such 

as high-resolution remotely-sensed imagery, to try to reduce the uncertainty in the available spatial input 

data (Kasampalis et al., 2018). 

Once the scale of usable model inputs has been correctly adjusted (Figure 1.4(iv)), the 

spatialized crop model can be run (Figure 1.4(v)) and the usual model outputs are computed (Figure 

1.4(vi)). To reiterate, this is not a spatial modelling approach, but a punctual crop model applied at a 

different spatial resolution than its native design. The obtained output(s) (Figure 1.4(vi)) may not 

necessarily be at the scale desired by the user, as indicated in the pathway (a). Thus, the output data may 

also be subject to a change of spatial resolution. The approaches outlined in Figure 1.3 can be applied 

to the output data to change the support, coverage or extent of the model output. Some studies have 

compared strategies to aggregating input or output data and have highlighted only a few differences 

between these strategies (Angulo et al., 2013b; van Bussel et al., 2011). 

Pathways (a) and (b) described in Figure 1.4 are the typical and shorter frameworks to 

spatialized predicted variables from crop models. They present simple versions where the change in 

spatial resolution is done either after (a) or before (b) the modelling step. A third simple pathway (not 

shown) could also be considered where changes in spatial resolution occur both before and after 

modelling, i.e. a cross-over approach in Figure 1.4 between pathways (a) and (b). 

These are the simplest representations of model spatialization and more complex approaches 

are possible by adding other methods inside these pathways, because other data modifications may need 

to be done to obtain spatialized variables. For instance, in some studies, there is a resolution gap between 

different types of available data, especially weather-based inputs and other crop model inputs. Weather 

data is often designated at low resolutions (between 10 and 200 km), while crop and environmental 

inputs are designated at the field scale (Challinor et al., 2009). To bridge this gap, authors usually use 

scale transfer models, i.e. a corrective model on outputs from an upstream model, which involves 

upstream outputs that are generally too coarse in regards to the study area, to debiase them using local 

variables from the area (Choukri et al., 2020; Huard et al., 2019). 
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An important point is how to perform model calibration when using a model in a spatialized 

context. The necessity for calibration is well known to improve crop model predictions, especially for 

variables estimated over large areas (Jagtap and Jones, 2002). Crop model calibration involves several 

key steps to improve predictions, whereas, practitioners do not necessarily have the same approaches 

(Seidel et al., 2018). Calibration requires a large amount of data when crop models are used on a large 

scale, but these data are often difficult to obtain at this scale. To tackle this issue of spatialized 

calibration, (Angulo et al., 2013a) tried three calibration strategies in an attempt to calibrate a crop model 

at the continental scale. Defining region-specific crop growth and phenology parameters, without 

considering output correction, improved the accuracy of crop model predictions on a large scale and 

seemed to be the best calibration strategy (Angulo et al., 2013a). 

While this review is focused on methods to assess model spatialization, it is important to note 

the growing importance of data assimilation in the development of spatialized crop models (Jin et al., 

2018). Data assimilation can be a method used inside the pathways (a) and (b). It is an approach used to 

recalibrate or to update a model to generate good short-term predictions. It is typically used for weather 

modelling, but is equally applicable to the shifting of strategic crop models to short-term tactical 

applications. To date, data assimilation has been mainly used for upscaling crop models to regional 

(Battude et al., 2016; Claverie et al., 2012) or national scales (for examples see Jin et al., 2018), but 

there is a growing interest in downscaling applications. 

1.2.3.3. Uncertainty and error propagation when spatializing models 

The uncertainty of a spatialized model will be a combined result of the model errors and the scaling 

errors, i.e. the uncertainty of the model itself plus the uncertainty of the scaled data plus the uncertainty 

of the spatialization method itself. Model uncertainty itself refers to parameter values and equations and 

will not be presented in this review. 

1.2.3.3.1. Scaling errors 

Scaling errors are linked to the methods used to scale model inputs and outputs. In some cases, a 

succession of scaling methods may be used and their combination will lead to an accumulation of 

uncertainty in the final result, which is often difficult to quantify (Ewert et al., 2011). The data 

aggregation effect (DAE) is a subject widely discussed in upscaling studies (Zhao et al., 2015) and this 

effect is linked to uncertainties introduced with the methods used to achieve aggregation. Many studies 

have focused on weather DAE (Ewert et al., 2011; Hoffmann et al., 2016, 2015; van Bussel et al., 2011; 

Zhao et al., 2015) because weather is an important driver in crop modelling and often observed at a large 

scale, whereas crop models are designed at the field scale. Therefore, using these large-scale data as an 

input in crop models could raise questions about the consequences of changing scale. Zhao et al. (2015) 

showed that DAE on weather inputs increased at coarser resolutions and was stronger with a higher 

spatial heterogeneity. However, some studies have shown that weather DAEs on crop yield and 

development are low (Ewert et al., 2011; Hoffmann et al., 2015). Apart from the weather, many studies 

have also focused on soil data. For instance, Grosz et al. (2017) showed that for soil organic content 

(SOC), DAE smoothed extreme values. As model inputs were aggregated to higher scales (from 10 to 

100 km), the amount of heterogeneity in the model output(s) decreased. However, Grosz et al. (2017) 

demonstrated that aggregating to 50 km resulted in a higher variability than the reference aggregation 

(the computational scale was 1 km). Hoffmann et al. (2016) showed that, with soil data aggregation 

only, the bias of yield prediction was below 15%. However when weather data were aggregated in 

addition to these soil data, the bias increased (Hoffmann et al., 2016). This shows that the scaling may 

have a significant effect and can be complex because some variables can be overestimated at certain 

scales. Thus, a comparison between different aggregation scales could be a good approach to crop model 

evaluation (Al-Shammari et al., 2021). 
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An important issue to consider is how scaling errors will vary if scaling methods are applied on 

model inputs or outputs (Ewert et al., 2011). For instance, DAE on input data can be reduced using a 

coarse output resolution or aggregating model outputs, whereas these methods can only lead to a low 

reduction of model structure error, i.e. regrouping of model parameters and model equations (Grosz et 

al., 2017). If model manipulation (e.g. modifying model parameters, simplifying model structures or 

using nested models) is used to spatialize a model, using downscaling methods to match between the 

scale of upstream model outputs and the scale of downstream model inputs can increase the quality of 

downstream model outputs (Cammarano et al., 2017). In reality, scaling error impacts are a trade-off 

between a resolution fine enough to represent the spatial variability and an acceptable computational 

time (Grosz et al., 2017; Zhao et al., 2015). In some cases, spatial aggregation can reduce errors from 

deficient input data or model structure (Heuvelink, 2002). 

1.2.3.3.2. Reduce model uncertainty by multi‑model ensembles 

Using multi-model ensembles (MMEs) rather than just one model is a quite new approach in crop 

modelling and has been enabled due to international cooperative modelling programs (Wallach et al., 

2019, 2018). The more models there are, the more the prediction error decreases (Wallach et al., 2018). 

Studies using crop MMEs have shown that using indicators, such as the ensemble mean (e-mean) and 

ensemble median (e-median) of simulated data, produces better estimates than the use of indicators from 

a single crop model, even if it is the best available model (Martre et al., 2015; Wallach et al., 2018). 

These MMEs allow an increased accuracy of crop growth simulations (Martre et al., 2015) and so are 

useful to reduce the uncertainty introduced by error propagation. Improving the models used in MMEs, 

for example by re-calibration or incorporating or modifying simulated variables, can lead to a reduced 

number of models in these ensembles while simultaneously reducing uncertainty in the MME outputs 

(Maiorano et al., 2017). Examples of the successful use of small MMEs in agriculture include yield 

prediction and greenhouse gas emissions at the field scale (Ehrhardt et al., 2018). 

1.2.4. Evaluation of model performances 

1.2.4.1. Aim and importance of evaluating model performances 

Model evaluation refers to the question of knowing how well model predictions are relevant to real 

observations, with the aim to ascertain the value computed by models. Moreover, this evaluation has to 

match with the proposed use of the model (Wallach et al., 2019). Model performances are case-

dependent, so it is necessary to define at the beginning the model purpose (Bennett et al., 2013). The 

concepts of crop model ‘evaluation’ and ‘validation’ are slightly different. Validation refers to the 

process of determining if the model is adequate for its intended purpose or not and refers to the processes 

involved within the models (Tedeschi, 2006; Wallach et al., 2019). As argued by Wallach et al. (2019), 

crop models are never fully valid because they will always describe real world processes with 

assumptions and simplifications and thus are not identical to the real processes. Model evaluation is a 

black box concept and is not a question about the processes within the model but about the relevance of 

the model output (Wallach et al., 2019). Model inputs are subject to sources of uncertainty, such as 

measurement errors and inappropriate sampling resolutions (Crosetto et al., 2000). It is possible to 

consider parameter estimation when model evaluation is carried out; however, these are out of the scope 

of this review, and the focus in this review will be on output evaluation. Regarding output, evaluation 

can be performed qualitatively using graphs or quantitatively using indicators. Uncertainty and 

sensitivity analysis are part of the process of model evaluation (Wallach et al., 2019). These analyses 

aim to understand how variations in the output can be explained by variability in the model inputs. 

To understand model evaluation, it is important to know what should be evaluated. To illustrate 

this, let’s take an example of irrigation decision-making using a water stress model compared to a 

threshold defined outside the model. The model simulates plant water stress and can have a wide 

uncertainty. However, this uncertainty will not ultimately change the final decision, which is to irrigate 
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or not, because the decision will depend on the model output relative to a threshold value identified by 

the decision-maker. So how should the performance of this model be evaluated? Only on the outputs 

from the predictive model? Or on the whole process that culminates with the final decision-making, 

which is ultimately the real action that is of interest to the agronomic community? These questions 

highlight that the method of evaluation has to match with the use of the model, i.e. if the model is used 

to estimate a variable then it is the variable that needs to be evaluated, but if the model is used to make 

a decision then it is the decision that needs to be evaluated, and not just the variable that was taken into 

account for the decision-making. This question is an important one when discussing model evaluation 

but it will not be detailed or discussed further in this review; indeed, this review is focused on evaluation 

of model output values. 

1.2.4.2. Evaluation of methods used for evaluating spatialized crop model performance 

1.2.4.2.1. Evaluation based on comparisons between observed and simulated data applied to crop 

models 

The most common practice to evaluate a model is to compare observed data versus simulated data 

(outputs) using a metric or indicator that measures the distance between these observed and simulated 

data (Wallach et al., 2019). Various metrics exist for models in general, and many of these have been 

transferred for use in evaluating spatialialized crop models. Table 1.1 reviews common metrics that have 

been reported in the spatialized crop model literature to date. In all these cases, model evaluation has 

been performed aspatially. There have been no spatial characteristics taken into account for model 

evaluation even though the crop models were being used in a spatialized context. This simplified 

utilization of aspatial indicators may affect the evaluation of spatialized crop models. Although multiple 

indicators are shown in Table 1.1, the indicators are not equally used. The RMSE was the most 

frequently used indicator in published studies. 

1.2.4.2.2. Uncertainty and sensitivity analysis methods applied to crop models 

Uncertainty analysis is used to quantify the global uncertainty in the model outputs in comparison to the 

uncertainty in model inputs (Crosetto et al., 2000). Sensitivity analysis (SA) is used to study how the 

model output variations can be assigned to different sources of input variations and how the model 

depends on its inputs (Crosetto et al., 2000). There are different ways of varying inputs: inputs can vary 

around a reference value, termed a local sensitivity analysis (LSA); or inputs can vary through and across 

a whole feasible domain, which is called a global sensitivity analysis (GSA) (Pianosi et al., 2016). SA 

can be used for different purposes, for instance evaluating the consistency of the model behavior or 

evaluating the robustness of model outputs depending on input uncertainty and model hypothesis 

(Pianosi et al., 2016). Thus, SA can be used as a form of model evaluation in various ways. For instance, 

SA can estimate if an input’s impact on the model output is acceptable. It can also identify the key inputs 

with the most influence on the output(s) and can prompt users to consider if there is enough knowledge 

about these inputs to make a considered decision (Wallach et al., 2019). SA has been used in crop 

modelling studies in order to have a better understanding of uncertainty propagation and to determine 

impacts on simulated outputs (Acevedo-Opazo et al., 2010; Adam et al., 2011; Asseng et al., 2013; 

Baralon et al., 2012; Beaudoin et al., 2018; Duchemin et al., 2008; Teixeira et al., 2017). However, none 

of the reviewed literature on crop modelling has considered if there was a spatial component to the SA. 

Some questions arise from this observation such as: Is LSA suitable for assessing spatial effects? Should 

GSA be avoided in all situations? 
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Some methods accounting for spatial characteristics have been used with environmental models. 

However, GSA was created to explain uncertainty in scalar outputs by variations of scalar inputs and so 

cannot directly be used with spatial models (Saint-Geours et al., 2012). To generalize GSA methods on 

spatial models, Saint-Geours et al. (2012) defined two sensitivity indices (SI): one on scalar inputs (i.e. 

a constant over the extent) and one on spatial inputs. Both are applicable as site SI (depending on an 

output point) and block SI (depending on the size of the spatial support defined by the upscaling process) 

in the case of upscaling process (average or sum of a point-based model) in the model output. This 

approach was applied to a point-based hydrology model. It was shown that the SI depends on the size 

of the spatial support and also that the uncertainty and the influence of the inputs on the outputs were 

spatially heterogeneous (Saint-Geours et al., 2014). Saint-Geours et al. (2014) showed that the SI of 

spatial inputs decreased with an increase in unit support size and the SI of aspatial inputs increased if 

the unit support size increased. Their study showed that a ratio of SI can be determined with the unit 

support size. Uncertainty analysis and SA on an environmental model at different scales have also shown 

that SI varies with the modeling scale (Şalap-Ayça and Jankowski, 2018). These results have raised 

important questions such as: Which unit size (and scale) for the output should the user choose to limit 

uncertainty propagation of spatial or aspatial inputs? What level of uncertainty are model users ready to 

accept to make a decision, and how is this uncertainty spatially distributed? 

1.2.4.2.3. Why is an evaluation of spatialized models different from current model evaluation important? 

As shown previously, the evaluation of spatialized crop models is currently done with aspatial indicators. 

Often, model evaluations are made without either accounting for a change of scale or the spatial 

character of the data. Tedeschi (2006) highlights that statistical analysis to evaluate predictive models 

is essential and needs to be appropriate for the model use in order to evaluate its precision and accuracy. 

For instance, there is an issue when input or output data are spatially autocorrelated, such that errors (i.e. 

difference between observed and simulated data) are not independent. The presence of this spatial 

autocorrelation can strongly reduce the reliability of many statistical metrics, including some popular 

ones shown in Table 1.1. Moreover, a lot of environmental variables present a continuity in their spatial 

structure so those variables are spatially dependent (Zhao et al., 2016). 

Saint-Geours et al. (2014) showed that the output variance explained by spatial inputs decreases 

with an upscaling process, due to a data smoothing effect. This result highlights that evaluation should 

take into account changes of scale because model performance can depend on the scale at which it is 

run. The link between uncertainty propagation and scale change (upscaling and downscaling) is an area 

that requires more consideration (Saint-Geours et al., 2012). 

To illustrate the issue and the need for new approaches to spatialized crop model evaluation, a 

simple case study is presented here. The aim is to demonstrate the limitation of aspatial statistics that 

have been widely used for evaluation of spatialized crop models in the recent literature (Table 1.1). In 

this case, the RMSE is used as the example statistic. In the case study, the intent is to define management 

zones (MZ) within a vineyard for precision viticulture. The predicted variable that is used to define these 

MZs is the predawn leaf water potential (PLWP). The purpose of this example is to show that with 

different theoretical spatialized models of PLWP, the outcomes of clustering based on PLWP predictions 

can be variable and independent of the RMSE. 

This simulated example is built on observed data of PLWP on a 1.2 ha Shiraz vineyard in 2003. 

This vineyard is located in Pech Rouge (INRAE Gruissan, 43°08’47” N, 03°07’19” E) (See Acevedo-

Opazo et al., 2010 for full details of the data set). To simulate the output from various theoretical 

spatialized crop models, three noise models were constructed, all built from the same values sampled 

from a normal distribution with a fixed mean (0) and variance (0.2). Various levels of spatial structure 

in the simulated PLWP were then obtained by altering how these noise distributions were associated 

with the observed PLWP values. Two of the noise distributions were dependent on the observed PLWP 

(some spatial structure), while the third distribution was random (i.e. independent from observed PLWP) 
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(Figure 1.5). These three noise models were added to the original data to simulate the output from three 

theoretical models. The original PLWP data were made into MZs based on a tiertile analysis and the 

threshold values from this analysis was used to create the MZs in the simulated PLWP maps (Table 1.2). 

The agreement between the MZ maps was determined using Cohen’s Kappa statistic (Eq. 1.1) (Cohen, 

1960). 

𝑘𝑎𝑝𝑝𝑎 =  
𝑃0−𝑃𝑒

1−𝑃𝑒
      (1.1) 

where P0 is the proportion of agreement observed (i.e. the proportion of agreement between MZs of 

observed and simulated data) and Pe is the proportion of a random agreement (i.e. the proportion of 

agreement in the case MZ are derived from observed and spatially reorganized data at random). 

Figure 1.5 Attribution of noise depending on observed PLWP values: a Model 1 - Noise attributed is 

positively related to the PLWP values, b Model 2 - Noise absolute value are positively applied to the 

observed PLWP values, and c Model 3 - Noise randomly applied to the observed PLWP. 

 

Table 1.2 Observed field data and three simulated Predawn Leaf Water Potential (PLWP) models 

classified into Management Zones (MZs) based on a 3-class classification of the observed data (and the 

same thresholds used for the simulated data). Metrics of model fit are shown as the RMSE between 

observed and simulated data (n = 49) and Cohen’s Kappa value associated with the similarity of the 

simulated MZ models to the observed MZ model. 

 Observed PLWP Simulated PLWP 

 Real Data Model 1 Model 2 Model 3 

MZ 

 

 
   

RMSE - 0.16 0.16 0.16 

Cohen’s 

Kappa 
- 0.64 0.05 0.31 
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The RMSE was calculated from the simulated PLWP (i.e. sum of observed PLWP and attributed 

noise) and observed PLWP. Thus, the RMSE should identify which simulation is the best. However, 

because the simulated noise models are built from the same distribution (but different spatial structure) 

the RMSE in these cases was identical (Table 1.2). Therefore, the conclusion is that all three simulated 

models were equally good, and the defined MZs should be equally good. However, the resulting MZ 

maps for the three simulated models do not support this, nor do the Cohen’s Kappa values (Table 1.2). 

Even though the RMSE was constant, the Model 1 spatial pattern was much closer to the original data 

(higher Cohen’s Kappa value) than Model 2 or 3. Model 2 had the least similar spatial pattern to the 

observed data (lowest Cohen’s Kappa value). Thus, even though the RMSE was the same on these three 

simulations, the derived MZs were significantly different between simulations. Selecting the best MZ 

(i.e. from the best spatialized model) cannot be decided with only the RMSE. 

1.2.4.3. Perspectives and needs for crop model spatialization and evaluation in a precision 

agriculture context 

Crop model spatialization is currently often used with upscaling methods. Published studies have aimed 

to apply traditional point crop models over larger areas, for instance, at the field scale (Acevedo-Opazo 

et al., 2010), at multiple field scales (Baralon et al., 2012), at the regional scale (Balkovič et al., 2013; 

Battude et al., 2016; Beaudoin et al., 2018; Therond et al., 2011) and at the continental scale (Adam et 

al., 2011; Teixeira et al., 2017). Upscaling crop models to a larger area is more common because crop 

models can be used by land managers and policymakers to make decisions on these large areas (Jones 

et al., 2017a). In contrast, there are considerably fewer studies that have aimed to use crop models at 

finer scales, i.e. attempting downscaling rather than upscaling. Precision agriculture is much more 

concerned with finer scale predictions and so downscaling approaches applied to crop models are of 

particular interest to the precision agriculture community. 

Using crop models in a tactical management way represents a goal of precision agriculture. 

Nevertheless, to achieve this objective, crop models need to manage a large amount of ancillary spatial 

data (Chen et al., 2017). Chen et al. (2017) identify different kinds of spatial data: relatively stable data 

(e.g. soil type and depth), constantly changing data (e.g. LAI, soil moisture and temperature, solar 

radiation) and aspatial data (e.g. management activities, cultivar information). In addition to the nature 

of these data, the resolution of these data has to be taken into account and needs to match with the spatial 

footprint of the modelling (Adam et al., 2011). Spatialization, in the context of downscaling crop 

modelling approaches, leans heavily on using these high resolution data to define (relatively 

homogeneous) sub-units on which to apply a crop model (Basso et al., 2011; Cammarano et al., 2021, 

2019; Guo et al., 2018). 

If crop modelling using spatialized crop models is to become a common aspect of precision 

agriculture then new methods or statistical metrics that take into account the spatial characteristics of 

the data and models will be needed. Evaluation of spatialized crop models needs to be improved and 

evolve beyond aspatial metrics. These new statistical metrics could take into account some spatial 

characteristics of the data. For instance, systematically using variography to estimate the spatial structure 

of inputs and outputs could be a method to identify if there is an issue in input data, in the model structure 

or with an interaction between both of them. Using geostatistic metrics on residual crop models could 

be a solution to improve the spatialized crop model evaluation. At a minimum, an evaluation of the 

spatial autocorrelation should be performed, such as using Moran’s autocorrelation coefficient (Moran, 

1948) on the inputs, outputs or residuals to provide quantitative evidence of spatial autocorrelation in 

the data. 

Furthermore, due consideration needs to be given as to how these spatial data can be best used 

as both inputs into the model and as data for the calibration and evaluation of the models. Spatial 

ancillary data are often derived data layers themselves with some level of error and uncertainty 

associated with them. The wide variety of gridded high-resolution digital soil property maps 
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(https://esdac.jrc.ec.europa.eu/resource-type/soil-data-maps, accessed 24/05/2021) now available are a 

good example of this. Soil property information is essential for many crop models, and better soil 

information is critical to expanding the uses of crop models. However, these soil property maps are 

estimates, derived from modelling approaches themselves. They are not directly measured soil 

properties that can be entered with confidence into the models, but the temptation is to treat these spatial 

ancillary data as ‘true’ data for modelling purposes. This temptation should be avoided and robust 

modelling approaches that explicitly take into account input uncertainty, such as Monte Carlo methods, 

should be routinely used in spatialized modelling applications. 

Finally, the evaluation on any spatialized (or spatial) crop model will be affected by the number 

and spatial location of any real observations used for validation. This is true for any scale of application. 

However, for finer scale spatial modelling that is to be used for short-term predictive modelling to aid 

in-season management, the selection of correct validation sites is critical as there is limited time to 

resample before the crop model output needs to be used to make (spatial) management decisions. As for 

any modelling approach, if the validation sites do not cover the distribution of both model inputs and 

outputs then model evaluation will be restricted and diminished. In the case of using spatialized (or 

spatial) models, the spatial distribution and relevance of these validation sites must also be considered 

when they are selected. Related to this is the need for any validation data to respect the spatial footprint 

of the model outputs, either in its native form or after scaling. This in turn creates potential issues for 

crop model validation if the model outputs are multi-scalar in nature. 

All of this comes back to the type of metric that is best suited to evaluate spatialized (and spatial) 

crop models. None of the metrics in Table 1 were developed for or are suitable to address these issues. 

How would a comparison between a well-performed model, with poorly selected spatial validation sites 

at the incorrect scale, and a poorly-performed model, with well-selected sites correctly sampled be 

properly made so that the better model was identified? Note that this question is not an issue of the 

quality of the analysis, but the location and the spatial footprint of the sampling. The assumption is that 

the analysis of the validation data is done equally well in both instances. 

It is clear from the review of the literature performed here that there has not been a lot of 

consideration so far of spatial issues when applying crop models to precision agriculture. Despite 

precision agriculture being built on spatial data sets, spatial autocorrelation and its implications for 

statistical analysis, particularly for the assumptions behind many statistical methods, are often 

overlooked (Taylor and Bates, 2013). In many cases this is because precision agriculturists do not always 

fully comprehend the statistical implications behind spatial data (compared to ‘conventional’ agri-data 

sets). This is generally true across all aspects of agricultural science that are seeking to include spatial 

data in their domain, including the crop modelling domain. To ensure the correct use of these spatial 

data, agricultural scientists and modelers will continue to need the support of the statistical community, 

particularly the geo-statistical community, to develop new metrics to support this new area of crop 

modelling. 

1.2.5. Conclusion 

Existing crop models are point-based models and spatialization allows the use of these crop models to 

predict spatially across an area. Spatialization of a crop model is realized for different reasons, such as 

applying site-specific crop management, improving understanding of processes or to complete data sets. 

Most published studies have addressed spatialization from an upscaling objective to inform regional, 

national or global decision-making. However, in a precision agriculture context, downscaling methods 

need to be used for the spatialization of most crop models and only limited research has been performed 

in this domain so far. In addition to crop model uncertainty itself, scaling methods to spatialize models 

will add uncertainty to the model predictions. The present review raised questions about the current 

approaches to the evaluation of spatialized crop models. Current evaluation methods in published studies 

have used mainly aspatial indicators. When spatializing crop models, spatial autocorrelation should be 
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considered and assessed, otherwise, crop model evaluation could be wrong. Additionally, spatialized 

predictive crop model evaluation will be influenced by the number, location and spatial footprint of 

validation data. To overcome those issues, indicators and coefficients that take spatial autocorrelation 

in account when evaluating the performance of the spatialized (or spatial) crop model are urgently 

needed and should be developed via a collaboration of the crop modelling and biometry (statistical) 

communities. 

1.2.6. Acknowledgements 
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1.3. Research positioning and scientific questions of the PhD project 

1.3.1. Research objectives of the PhD project 

1.3.1.1. Contextualization of the general research issue 

As reported in the review article, crop model spatialization is currently mainly performed in upscaling 

studies, especially to help policymakers and land managers to make decisions (Jones et al., 2017b). 

When spatialization is used in upscaling studies, some issues, highlighted by the previous article, occur 

and crop modelers should be aware of them (e.g. scaling errors). If spatialization is used in downscaling 

studies, the same kinds of issues are likely to occur. However, our review showed that very few studies 

in the agronomic community addressed the question of downscaling processes to model agronomic 

variables at a within-field scale. Consequently, errors and issues with this approach have yet to be 

commonly reported. Even though the potential errors are still uncertain, the crop modeling community 

does recognize that there is a real opportunity to adapt existing crop models into decision support tools 

to help farmers in their precision agriculture management, i.e. at this within-field scale (Adeyemi et al., 

2017; Cheng et al., 2023; Thorp et al., 2008). The availability of high spatial resolution data, as generated 

in the context of precision agriculture, remains recent, which certainly explains the lack of literature 

related to crop model downscaling. These high-resolution data will become more widespread as these 

data are increasingly available at low cost. Thus, their use to generate accurate agronomic knowledge 

or tactical decision support will necessarily become essential in the coming years. These possible new 

data acquisitions will highlight the growing interest of the question of downscaling crop models. 

Currently used crop models are commonly used in predicting scenarios under climate change 

contexts or to estimate the impact of a change in cultural practices on crop production (Asseng et al., 

2014). Moreover, these models are well documented, well recognized by the agronomic community and 

are known to work correctly if used in their correct contexts and with the correct input data. 

Spatialization of these models is a shift away from the target model footprint, i.e. it shifts the model 

usage out of its initial validity domain. 

These spatialized crop models need to take into account the spatial structure of agronomic 

variables at the within-field scale in order to meet the challenges arising in precision agriculture. 

Rethinking the way of using existing crop models should permit the known advantages and recognized 

performances of these point-based crop models at the field scale to be transferred to other finer scales, 

without having to build new models. The alternative would be to design ‘true’ spatial crop models where 

the spatial modeling units interact with and impact on the modeling of neighboring spatial modeling 

units. This approach would ensure the reproduction of potential spatial interactions at the within-field 

scale but would require a fundamental change in the underlying crop model structure and equations. 

This could be desirable in very structured agrosystems, such as agroforestry systems for instance, but 

would also constitute a major endeavor in terms of time and cost for the crop modeling community and 

would negate a large amount of crop modeling work that has been achieved over the past 20-30 years. 
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For this reason, the spatialization of well understood, stable crop models is currently the preferred 

approach to scale changes with crop models. 

A first approach to downscaling crop models would be to simply run the model independently 

over each spatial modeling unit as defined by the target spatial resolution. However, precision 

agriculture is mainly based on responding to the spatial variation of environmental and agronomic 

variables by differentially adapting cultural practices to increase the efficiency of inputs. In short, 

variability is inherent in the system and occurs at different scales for different variables, and it may not 

align with a fixed target spatial resolution. Additionally, when downscaling a crop model to an ever 

finer target spatial resolution, the influence of sources of stochastic variation in the model inputs are 

hypothesized to become more dominant. Crop models are designed to use ‘average’ field data so that 

the modeling is unaffected (or not overly affected) by sources of stochastic variation. For downscaled 

applications, the effect and limits of the stochastic variability in crop model inputs on the spatialized 

crop model outputs is still poorly understood. In addition, by operating the crop model as a point-based 

model individually on each spatial modeling unit, there is no consideration, nor any attempt in the 

modeling to reproduce the spatial structure of the agronomic variables of interest. The modeling remains 

aspatial. Given these two limitations, a finer resolution scale may not necessarily be the most relevant 

(accurate) modeling scale for within-field simulations. A trade-off between the accuracy of prediction 

against the ‘noise’ in the input data at different levels of downscaling is expected. In a similar vein, the 

resolution of available data to validate the downscaling processes and the targeted simulated scale will 

not always match, thus, a further trade-off needs to be found between both to ensure a consistency for 

simulation and evaluation at the within-field scale. Furthermore, to be able to model at within-field 

scales, spatialized crop models will typically need to rely on some high-resolution ancillary data to 

improve their performance, especially in the calibration step (e.g. using delineated of within-field zones, 

data assimilation or Bayesian inference approaches). These ancillary data must also be consistent with 

the downscaling processes if used. 

These factors all feed into the linked question of concern relating to the evaluation of spatialized 

crop models performances, and comparing and contrasting outputs at different levels of scale. As 

highlighted in the review article, there is a lack of relevant metrics to be able to evaluate the 

performances of spatialized crop models at various scales. Given this context, it is difficult to determine 

if it is relevant to use existing crop models at the within-field scale and to identify the best performing 

simulation scale. This context has given rise to the general research issue on which this PhD project has 

been based: 

Is the spatialization of existing crop models, by using downscaling processes, conceivable and 

relevant for their use at within-field scales? 

The spatialization process highlighted in this general research issue has a major impact on the 

way to use existing crop models at finer spatial scales. Indeed, the considered spatialization method, 

added to the inherent stochastic character of high-resolution data, raises the question of the correct way 

to evaluate spatialized model performance. The performance of a spatialized crop model is not only 

based on the prediction accuracy of the numerical values of the considered agronomic variable but also 

on the ability to replicate the spatial pattern of this agronomic variable. Thus, the way these spatialized 

crop models are evaluated could influence the interpretation or comprehension of the model outputs if 

both the aspatial or spatial prediction errors are not taken into account. However, to have a well 

performing crop model implicitly requires having a good model calibration. Thus, the spatialization 

process evaluation involves issues related to model calibration as well as model prediction. The 

calibration issue for spatialized crop models also needs to find a trade-off between the stochastic and 

spatial variation of the considered agronomic variable. In particular, if model outputs need to be 

representative of the spatial characteristics of the agronomic variable, spatial calibration using minimal 

local data that is prone to stochastic error may lead to an incorrect (spatial) model calibration and induce 

bias in the modeling. There will be some trade-off between the level of model downscaling that can be 
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performed versus the aggregation of available data to spatially calibrate the model for a given level of 

downscaling. In this context, downscaling by creating management zones, and multiple levels of zones, 

could be effective for achieving a well-calibrated downscaled modeling solution. If done correctly, 

spatial calibration could retain the spatial characteristics of the variable and avoid the potentially strong 

impact of stochastic error in the modeling process. 

1.3.1.2. Scientific questions and PhD project objectives 

The objective of this PhD project was to elaborate preliminary work and to develop tools to be used for 

the spatialization of existing crop models at the within-field scale for precision agriculture purposes. A 

first theoretical step was considered necessary to establish the basis for performance analysis of 

spatialized (mechanistic) crop models used during the PhD project. The ways to evaluate such crop 

models at different scales needed to be interrogated and eventually rethought to consider both aspatial 

and spatial model performance. Then, to assess the relevance of using downscaling approaches with 

existing crop models, and in particular downscaling via a spatial calibration, several case studies were 

constructed to test various hypothesis associated with spatialized crop models. The intent was not to 

draw general conclusions on the spatialization of crop models, but to formalize this concept in a 

precision agriculture context and build a base for future research into the use of strategic crop models 

for tactical and spatial within-field management. 

Regarding the general issue and highlighted points previously discussed, two main scientific 

questions were identified and detailed in several specific scientific sub-questions: 

(I) How to perform a relevant evaluation and comparison of spatialized crop model performances 

across different spatial scales? 

     (i) Are the currently used methods to evaluate spatialized crop models performances efficient? 

(ii) Does taking into account the spatial component of the model outputs improve model 

evaluation? 

(II) Is the spatial calibration of selected crop model parameters an effective method of downscaling 

existing crop models to permit modeling at within-field scales? 

(i) Can the delineation of potential management units from high-resolution ancillary data assist 

with a spatial calibration approach? How does the relationship between the ancillary data and the 

agronomic variable of interest influence this? 

(ii) Is there a trade-off between the spatial scale of modeling at within-field scale and the noise 

brought by the errors of measurement of the data used for the calibration and evaluation step of 

the spatialized crop models?  

(iii) Does the complexity of a crop model affect the ability of the model to be downscaled for 

precision agriculture purposes? 

1.3.2. Research approach implemented for the PhD project 

Spatialization, in this PhD project, is defined as applying a crop model at a spatial scale that is different 

to its native and target scale. The crop models are thus considered in this project as ‘black box’ tools. In 

particular, downscaling spatialization processes are identified for this project as an opportunity to use 

existing crop models that have been designed for ‘average’ field scale use at other finer (within-field) 

simulation scales without a modification of the internal structure of the crop model. 

The PhD project was seen as a first approach for the study of the crop model spatialization via 

a spatial calibration downscaling process, rather than the much more common data assimilation process. 

Indeed, spatial calibration involves a spatial constraint in the calibration process compared to the data 
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assimilation. Data assimilation is based on the incorporation of data (often remote-sensed data or data 

from unmanned aerial vehicles) during the modeling phase, allowing a better consistency between 

observed and modeled data, leading to increased crop model performances. This later allowing a 

temporal adjustment of the crop model state variables during the modeling phase. Thus, certain parts of 

the PhD needed to be based on theoretical aspects. For these studies, the generation of simulated data 

(virtual fields) was necessary to have a greater representation of possible real cases and to control the 

properties, particularly the spatial properties, of agronomic variables in these virtual fields. During the 

PhD project, there was a desire to also carry out real case studies to exemplify the potential interests 

advanced in the theoretical aspects of the PhD project. Thus, whenever it was possible, research was 

based or informed on real data. However, data sets that are suitable for studies related to the 

spatialization of crop models at the within-field scale need to be collected at a resolution that is fine 

enough to have a proper representation of the within-field spatial variations. Unsurprisingly, these data 

sets are scarce as they are difficult, time-consuming and expensive to acquire. The collection of such 

data are not possible within the time-constraints of a PhD project, especially during the COVID health 

crisis that complicated field activities. Therefore, the decision was made to use two historical data sets 

that were already available. 

 The first available data set is related to spatio-temporal observations of vine water status within 

a vineyard. This data set was initially acquired for a previous PhD project realized at INRAE (Acevedo-

Opazo, 2003). Predawn leaf water potential (ΨPD) was measured on a 1.2 ha Syrah (Vitis vinifera cv. 

Syrah) vineyard at Pech Rouge (43.144°N, 3.131°E, Gruissan, Aude, France), the experimental site of 

INRAE. The ΨPD was measured during two successive growing seasons in 2003 and 2004 and 

respectively on 7 and 6 dates (between June and September) in those years. In each year, there were 49 

measurement sites within the vineyard block. Spatial ancillary data were also available for the vineyard 

related to the soil (soil apparent electrical resistivity), vine physiology (trunk circumference) and vigor 

(via the normalized difference vegetation index). This data set was used for Article 2 in Chapter 2 and 

Article 4 in Chapter 3. 

 The second available data set related to a durum wheat (Triticum durum Desf. cv. Gargano) 

production system. This research was funded by the Integrated system for development of southern 

cereal farming (SI.Cer.Me) a program for southern Italy development (CIPE 17/2003 -1.1 and 83/2003). 

Durum wheat yield was measured on a 12 ha experimental field of CREA (Research Centre for Cereal 

and Industrial Crops) near Foggia (41.462°N, 15.506°E, Italy). Yield was measured during three 

consecutive growing seasons from 2005-2006 to 2007-2008. In each year, there were 100 measurement 

sites within the field where phenology (Zadock stages) was measured throughout the growing season 

and variables related to soil properties were also measured (e.g. crop lower limit, drained upper limit, 

organic content, …). Unfortunately, production in the middle year, 2006-2007, was severely affected by 

unusual weather patterns. This resulted in very low and atypical production data, which was outside the 

reasonable boundary expectations of the crop model. For this reason, the data from this year were 

omitted and only the data from 2005-2006 and 2007-2008 were retained for this study. These data were 

used for Article 5 in Chapter 4. 

 Studies realized during the PhD project were developed from two different crop models. Both 

of them were chosen according to two conditions. Firstly, the crop model needed to be able to model 

the target agronomic variables using the available (real and, where needed, simulated) data sets (i.e. vine 

ΨPD and durum wheat yield). Secondly, in order to assess more possible cases, the complexity level of 

various crop models was considered, with a desire to have an example of a simple crop model and a 

complex crop model (with complexity defined by the number of internal equations and the number of 

necessary inputs). Regarding these conditions, WaLIS (Water baLance for Intercropped System) 

(Celette et al., 2010) and APSIM (Agricultural Production Systems sIMulator) (Holzworth et al., 2014) 

were selected. WaLIS is considered a simple crop model to model ΨPD and APSIM is a relatively more 

complex crop model to model durum wheat yield. 
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1.3.3. Manuscript sectioning 

This first chapter (Chapter 1) has described the general context (Article 1) and the specific scientific 

questions addressed in this PhD project. The following research component of the thesis document is 

divided into two main parts. The first part addresses theoretical concepts related to the evaluation of 

spatialized crop models and proposes a new metric to achieve this (Chapter 2). The second part (Chapters 

3 and 4) is more practical and focuses on the relevance of downscaling at various within-field scales 

with a spatial calibration process when using existing simple and complex crop models. 

The theoretical part deals with the question of a relevant evaluation of spatialized crop models 

(Chapter 2). In the first section (2.1), a non-peer reviewed conference article presents a study on the use 

of classical aspatial and spatial metrics to examine if it is reliable and relevant to use such metrics to 

assess the performance of a spatialized (simple) crop model related to vine water status (Article 2). In 

the second section (2.2), a peer-reviewed conference article introduces new metrics designed to evaluate 

the performance of a spatialized crop model at different spatial scales based on the assessment of aspatial 

and spatial error patterns (Article 3). 

The practical part of the thesis is divided into two chapters. The first chapter (Chapter 3) is 

devoted to the use of spatial calibration of selected model parameters, with a relatively simple crop 

model, as a spatialization process for downscaling the crop model. The intent is to investigate and better 

understand the relevance of using a spatial calibration approach with crop models. Chapter 3 consists of 

an article that uses a mix of simulated and measured data to identify when spatial calibration is relevant. 

A relatively simple crop model for vine water stress in vineyards is used for this study (Article 4). The 

Chapter 4 addresses the spatialization and the use of a complex crop model at different within-field 

scales. Using the spatial calibration approach developed in Chapter 3 and the metrics defined in Chapter 

2, a complex crop model is downscaled and evaluated using real spatial environmental and crop data 

that are related to spatially variable durum wheat yield in southern Italy over two years (Article 5). 

The last chapter is dedicated to a discussion and perspectives of the PhD project in the field of 

crop modeling and the future use of spatialized crop models at within-field scales for precision 

agriculture purposes (Chapter 5). 

To summarize, the manuscript is divided into five chapters. Chapters 1, 2, 3 and 4 are mode of 

several scientific articles or conference communications. The articles in Chapter 1 (review journal 

article; Q1 journal) and Chapter 2 (two full conference papers, one of which is peer-reviewed) are 

published. The articles in Chapters 3 and 4 are currently under review in Q1 journals. Each chapter starts 

with an intention note and finishes with a general conclusion to place the articles and sections within the 

scientific context of the PhD project.
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Chapter 2 

 

Achieving a relevant assessment of spatialized 

crop model performance when simulating 

agronomic variables at changing scales 
 

 

2.1. Intention note 

Evaluation of a crop model is paramount to knowing its reliability to reproduce accurately the reality of 

a considered agronomic variable. In the literature, several metrics have been used to evaluate crop model 

performances. Therefore, the agronomic and modeler communities, who classically and routinely used 

these metrics, have emphasized the importance of selecting the right metric. Many of these metrics are 

based on evaluation of numerical errors, i.e. based on the numerical difference between observed and 

modeled data (Bennett et al., 2013; Wallach et al., 2019). The term ‘aspatial metrics’ is used in this 

manuscript to refer to such metrics. Other metrics used have focused on the characterization of the 

spatial structure and pattern of the variables (Leroux and Tisseyre, 2018; Luo et al., 2019), and the term 

‘spatial metrics’ is used for such metrics. However, these spatial metrics have not necessarily been used 

for the evaluation of (crop) models but rather, have been identified as having the potential to fulfill the 

role of an evaluation metric. In particular, these metrics could assess the similarity of the spatial 

structures and patterns between observed and modeled data. However, the objective of a spatialized crop 

model should be to model both the numerical value and the spatial structure/pattern of the target 

agronomic variable. In this sense, the spatial characteristics of the data should be more important when 

evaluating them compared to the evaluation of existing point-based crop models. Thus, a first working 

assumption for the following work is that a relevant and reliable evaluation of a spatialized crop model 

should account for the both aspatial and spatial error in the modeling. 

 However, based on the proof realized in the simulated example in Section 1.2.4.2.3, a second 

working assumption is that currently used evaluation metrics, both aspatial and spatial ones, are not 

necessarily the most relevant for evaluating spatialized crop model performances. Thus, a new metric 

accounting for both aspatial and spatial error is needed. Such a metric could also be used to evaluate the 

spatialization process, i.e. the effect of changing the modeling spatial scale. In this chapter, such a metric 

will be proposed for application to spatialized crop models but, more generally, this metric could equally 

be applicable to any type of spatialized models (e.g. hydrological or environmental models) and even 

for ‘true’ spatial models (that account for neighborhood interactions within the model). The method used 

to compute and interpret the proposed metric will be relevant for the outputs of all of these types of 

models. 

 Before the work realized for this chapter, especially presented in the Section 2.3, little attention 

had been paid to the use of the terms ‘indicator’ and ‘metric’, and they were used interchangeably. 

However, as ‘metric’ is more frequently used in the literature, ‘metric’ has been preferred and will be 

used in the rest of this manuscript (but ‘indicator’ remains interchangeable with ‘metric’ in the previous 

sections). Spatial structure and spatial pattern also have different meanings, especially in Section 2.3, 

and these are not interchangeable terms. They will be clearly defined in Section 2.3. 
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The following chapter is divided into two different research papers. Based on the second 

working assumption of this chapter, the first paper expands on the initial proof in Section 1.2.4.2.3 to 

more clearly demonstrate that classically aspatial and spatial metrics are not necessarily the most 

relevant to evaluate spatialized crop model performances. This work is based on real data from an 

experimental vineyard in an operational context for precision viticulture management. Based on the 

results of this preliminary work and leading on from the first working assumption of this chapter, a new 

metric, spatial balanced accuracy (SBA) is proposed in the second paper that is able to account 

simultaneously for the aspatial and spatial pattern error of spatialized crop models (and more globally 

spatial models). The performances and relevance of this metric will be tested on simulated data. 

2.2. Comparison of different aspatial and spatial indicators to assess 

performance of spatialized crop models at different within-field 

scales 

2.2.1. Details about the paper 

2.2.1.1. Title and publication information 

This section was presented as an oral communication at the 15th International Conference on Precision 

Agriculture (2022, Minneapolis, USA) and the full paper was published without review in the 

conference proceedings. The full citation is: 

Pasquel, D., Roux, S., Tisseyre, B. and Taylor J. A. (2022). Comparison of different aspatial and spatial 

indicators to assess performance of spatialized crop models at different within-field scales. In: 

Proceedings of the 15th International Conference on Precision Agriculture, Minneapolis, Minnesota, 

United-States, June 26-29. 

2.2.1.2. Authors 

Pasquel D.1,*, Roux S.2, Tisseyre B.1 and Taylor J.A.1 

1 ITAP, Univ. Montpellier, INRAE, Institut Agro, Montpellier, France 
2 MISTEA, Univ. Montpellier, INRAE, Institut Agro, Montpellier, France 
* Corresponding author: daniel.pasquel@inrae.fr 

2.2.1.3. Abstract 

Most current crop models are point-based models, i.e. they simulate agronomic variables at the spatial 

footprint on which they were initially designed (e.g. plant, field, region scale). Spatialization (i.e. using 

point-based crop models on a different scale than its native spatial footprint) represents a solution to use 

these crop models on a different scale. This is particularly interesting in a precision agriculture context 

where downscaling processes are involved to model agronomic variables on finer scale (e.g. within-field 

scale). To assess their performances, many indicators based on the comparison of estimated vs observed 

data, can be used. However, the use of classical, aspatial indicators may not be relevant to evaluate 

spatialized crop model performances. The objective of this work was to compare how different model 

performance indicators are able to evaluate the performance of a spatialized crop model at various 

within-field scales. The crop model spatialization processes were based on a spatial calibration of model 

parameters. This work focused on a case study using the crop model WaLIS (Water baLance for 

Intercropped Systems) to simulate vine water restriction (estimated through the predawn leaf water 

potential - ΨPD) for a vineyard in the South of France. The WaLIS model was employed at different 

spatial scales (field, site, within-field zone) to generate ΨPD maps. The management zones were 

generated from soil and vine ancillary data that are correlated with or directly influence vine water stress. 

Aspatial (RRMSE and D-index) and spatial (Cambardella index and Z-score) indicators were used to 
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evaluate model performances at these different spatial scales. Results showed that these different 

indicators generated different ‘best’ simulation scales and there was no clear result of model 

performance from the spatial and aspatial indicators. This confirmed that current approaches to crop 

model evaluation were not well suited to evaluation of the performance of spatialized crop models in a 

precision agricultural context. Evaluation in an operational context through decision-making evaluation 

and map comparison approaches provided a clearer understanding of model behavior and appeared to 

be a relevant method for evaluating downscaled spatialized crop model predictions for tactical, in-season 

and differential crop management. 

2.2.1.4. Keywords 

Spatialization, Spatial calibration, Downscaling, Evaluation indicators, Vine water restriction 

2.2.2. Introduction 

Most current crop models are point-based models, i.e. they simulate agronomic variables at the spatial 

footprint on which they were initially designed (e.g. plant, field, region scale) (Heuvelink et al., 2010). 

However, shifting model use from a strategic objective to tactical in-season management is becoming a 

significant issue for the agronomic community, especially in a precision agriculture context. 

Spatialization (i.e. using point-based crop models on a different scale than its native spatial footprint) 

represents a solution to address crop model use in a tactical and operational context. Calibration is an 

inevitable process to improve crop model performances (Seidel et al., 2018). This is especially true when 

using crop models over large areas (Jagtap and Jones, 2002), thus calibration is a critical step for models 

used in a spatialization context. In the case of precision agriculture applications that involve downscaling 

processes, it is important to consider how to calibrate crop models at the within-field scale. In this study, 

spatialization is based on a spatial calibration led at different spatial scales. 

To assess crop model performance, many indicators based on the comparison of observed and 

modeled data, can be used, such as the relative root mean square error (RRMSE) or Willmott index of 

agreement (D-index) among others (Bennett et al., 2013; Wallach et al., 2019). However, the use of 

these indicators to evaluate spatialized crop models raises questions, and these indicators may not be 

relevant to evaluate their performances (Pasquel et al., 2022a). Evaluation on the raw error of the crop 

model (error between observed and simulated data) using these indicators may not be sufficient to assess 

the spatial efficacy of calibration and/or prediction. Preliminary results using simulated data have 

indicated that the indicators currently used to evaluate spatialized crop model performance are not the 

most relevant (Pasquel et al., 2022a). However, an evaluation and comparison of spatial and aspatial 

indicators on a real-world case study in a precision agricultural context has not yet been done, nor has 

there been any investigation of the effect of scale change (increasing levels of downscaling) on model 

performance. Note that if a spatialized crop model is used in an operational context associated with site-

specific decision-making, it should be possible to mathematically define an error on the decision made 

using the simulations. Such indicators would clearly be the most adapted to assess model performances 

with respect to the targeted model use, but have not been strongly advocated to date. 

Therefore, the objective of this work is to compare the evaluation of spatialized crop model 

performances using different indicators (aspatial: e.g. RRMSE or D-index; and spatial: e.g. Cambardella 

index or Moran index) for different simulation scales. The study is done on a vine water status crop 

model, WaLIS (Celette et al., 2010). As well as the different model statistics, the error on the decision 

taken is also used to evaluate the spatialized crop model performance. Model performance is defined by 

relationships between the observed and modeled data and the preservation of the spatial structure of the 

modeled variable in relation to the observed variable. It should be noted that the preservation of the 

spatial structure of the model output(s) is important in a precision agriculture objective. 
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2.2.3. Material and methods 

2.2.3.1. Field description and observed predawn leaf water potential (ΨPD.obs) 

The predawn leaf water potential (ΨPD) of the vine was considered as the reference data in this case 

study. ΨPD measurements were carried out on a 1.2 ha Syrah vineyard block at INRAE’s Pech Rouge 

estate (Gruissan, Aude, France) on 49 within-field sites (Figure 2.1A) using a pressure chamber, these 

measurements were the observed data (ΨPD.obs). The ΨPD.obs measurements were done for 7 dates in 2003 

(ΨPD.obs.n-1) and 6 dates in 2004 (ΨPD.obs.n) (see Acevedo-Opazo et al. (2010) for full details on this data 

set). 

Figure 2.1 Experimental field with A. Locations of observed predawn leaf water potential (ΨPD.obs) 

within-field measurements in a 1.2 ha Syrah vineyard at INRAE Pech Rouge (Gruissan, Aude, France). 

B. Interpolated (kriged) maps of ancillary data used to define within-field zones: normalized difference 

vegetation index (NDVI) (a.), soil apparent electrical resistivity (ER, expressed as apparent electrical 

conductivity (ECa)) (b.) and trunk circumference (TC) (c.) for the Syrah vineyard. 

Three ancillary data were considered: soil apparent electrical resistivity (ER), trunk 

circumference (TC) and normalized difference vegetation index (NDVI). The ER and TC were both 

measured at the ΨPD.obs measurement sites (Figure 2.1A) in March 2006. The NDVI values were derived 

from an airborne multispectral image obtained in August 2006. Note that these ancillary data were used 

for their spatial pattern and not for their absolute values. The ancillary data were not measured in the 

same year as the ΨPD.obs; however, for a perennial crop like grapevine, it has been shown that NDVI and 

ER spatial patterns in this vineyard are temporally stable over short-time periods (3-5 years) (Kazmierski 

et al., 2011; Tisseyre et al., 2008). Thus, these ancillary data are assumed to present the same spatial 

pattern even in a different year. Ancillary data were interpolated by ordinary kriging using GeoFIS 

(Leroux et al., 2018) (Figure 2.1B). 

2.2.3.2. WaLIS and modeled predawn leaf water potential (ΨPD.mod) 

The modeled predawn leaf water potential (ΨPD.mod) at multiple dates were simulated using a predictive 

model of vine water stress: Water baLance for Intercropped Systems – WaLIS (Celette et al., 2010). To 

run WaLIS, weather data for the years 2003 and 2004 were acquired through the weather station 

11170004 (Gruissan) of the INRAE network via the Climatik application (Figure 2.2). Measurements 

realized in 2003 were used to calibrate WaLIS and measurements realized in 2004 were used to evaluate 

modeling performances. Note that weather conditions for both years were relatively close. Daily mean 

temperature (Tmean) and daily precipitation (P) were recorded and daily evapo-transpiration (ET) was 

computed using the Penman-Monteith equation (Allen et al., 1989; Pereira et al., 1999). In reality, 

WaLIS simulates the fraction of transpirable soil water (FTSW) and, by using a conversion, FSTW was 

transformed into ΨPD.mod (Eq. 2.1) (Lebon et al., 2003). However, this conversion contains a logarithmic 

expression and FTSW can be equal to 0, so a realistic ΨPD.mod minimum had to be defined. The same 

ΨPD.obs minimum for the field and year was used, -1.1 MPa. 
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ΨPD.mod =
log(FTSW)−log (Ca)

Cb
                                                   (2.1) 

with Ca is a constant equal to 1.0572 and Cb is a constant equal to 5.3452. 

Figure 2.2 Weather conditions for 2003 (a.) and 2004 (b.) for the period of measurement dates used for 

respectively model calibration (2003) and performance evaluation (2004). The red line corresponds to 

daily mean temperature (Tmean) and the blue columns correspond to daily precipitation (P) events. Dates 

of measurement of predawn leaf water potential for calibration (ΨPD.obs.n-1) in 2003 were June 18th, June 

26th, July 8th, July 16th, July 23rd, July 30th and August 12th. Dates of measurement of predawn leaf water 

potential for evaluation (ΨPD.obs.n) in 2004 were June 9th, July 8th, August 5th, August 18th, August 23rd 

and September 10th. 

2.2.3.3. Spatial calibration of WaLIS 

The intent of this study is to run the WaLIS model at different scales (at the measurement site-scale and 

at different within-field zone scales) than its native spatial footprint (i.e. field scale), thus WaLIS will 

be used in a spatialization process (Pasquel et al., 2022a). The ER, TC and NDVI data were used for the 

realization of within-field zones via a segmentation algorithm (Pedroso et al., 2010) included in the 

GeoFIS software (Leroux et al., 2018) with the aim to define a base grid for the analyses. All three types 

of ancillary data were considered as potential surrogate to explain ΨPD spatial variability. The field was 

divided into 2 to 5 zones by the segmentation algorithm with these ancillary data (Figure 2.3). Therefore, 

the spatial scales considered in this analysis are the individual measurement sites (n = 49) (Figure 2.1A), 

the different zoning levels (z ∈ [2;5]) (Figure 2.3) and the whole field (single value). The ΨPD is modeled 

by WaLIS (ΨPD.mod.n) on each of these considered spatial scales. 

Figure 2.3 Maps of different within-field zones defined with ancillary data using a segmentation 

algorithm; 5 zones (a.), 4 zones (b.), 3 zones (c.) and 2 zones (d.) for the Syrah vineyard. Note that the 

1 zone solution is equivalent to the whole field scale. 

Defining sub-units (zones) using ancillary data to apply crop models in order to spatialize the 

model is a process already seen in the literature (Basso et al., 2011; Cammarano et al., 2019; Guo et al., 

2018). Spatial calibration for spatialization of the crop model is driven by the zoning process based on 
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ancillary data, a process that is seldom seen in the literature. In an operational context here, a minimal 

size zone has been defined at 500 m², i.e. this is the minimum surface for which it is possible to set up 

a specific management action. With this constraint, 5 zones was the maximum number of zones that the 

segmentation algorithm was able to make (Figure 2.3). Beyond 5 zones, the segmentation algorithm was 

unable to find a solution with the minimum surface constraint. 

To enable spatialization, within each delineated zone at each spatial scale, an aggregation of the 

ΨPD.obs from the measurement sites was performed to generate mean ΨPD.obs values at larger spatial scales 

(zoning levels for z ∈ [2;5] and the whole field scale). The local WaLIS calibration was performed at 

either the original observation scale (for site-scale modeling) or after these aggregations (for modeling 

at scales larger than the site-scale), i.e. this is a kind of spatial calibration (Figure 2.4). The calibrated 

parameters in the WaLIS model were the total transpirable soil water (TTSW) and the maximum crop 

coefficient of the vine (Kc). Other WaLIS parameters were kept at their default value for a Mediterranean 

context. Thus, only TTSW and Kc have been calibrated differently at the different scales because these 

parameters are known to be variable from one vineyard to another even at within-block scales 

(McClymont et al., 2019; Verdugo-Vásquez et al., 2022). The TTSW and Kc were calibrated with the 

data from the previous year (ΨPD.obs.n-1), and an optimization was performed with TTSW values ranging 

from 55 to 210 mm and Kc values ranging from 0.35 to 0.5 to identify optimal parameter values. The 

retained parameter values were those that minimized the mean absolute error (MAE) when compared to 

ΨPD.obs.n-1. For all the analyses, the output scale is disaggregated to the site-scale to assess the model 

performance (Figure 2.4). 

Figure 2.4 Different modeling cases of predawn leaf water potential (ΨPD) by WaLIS according to 

different spatial scales defined at the observation scale, the whole field scale or intermediate zonal scales 

(2 to 5 zones) based on ancillary data. The native WaLIS spatial footprint is shown in blue and 

corresponds to the field scale. Site-scale corresponds to the original observation scale. The grey arrows 

correspond to the upscaling process associated with aggregations of the observed data to a higher spatial 

scale as model input. The spatial calibration is performed at this input scale. 

2.2.3.4. Simulation performance evaluation using aspatial and spatial indicators 

In order to estimate the WaLIS performance for the different simulation scales a set of aspatial 

indicators: relative root mean square error (RRMSE) (Eq. 2.2) and the Willmott index of agreement (D-

index) (Eq. 2.3); and spatial indicators: Cambardella index (Ci) (Eq. 2.4) and Z-score (Eq. 2.6) were 

computed. RRMSE and D-index are assessment indicators of the fit between observed and simulated 

data. If the D-index is equal to 1, there is a perfect match between observed and simulated data, if D-

index is equal to 0, there is no match at all. The Ci and Z-score are indicators of the spatial structure of 

the data. These indicators were calculated on both the observed and modeled data and on the residuals 
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between the observed and modeled data. The Ci is derived from variographic analysis of ΨPD.obs and 

ΨPD.mod, with values of Ci < 0.25 corresponding to a strong spatial structure, values between 0.25 and 

0.75 corresponding to a moderate spatial structure and values > 0.75 corresponding to a weak spatial 

structure (Cambardella et al., 1994). Global Moran's index test (I) (Eq. 2.5) was also used to estimate 

the spatial autocorrelation (Moran, 1948) and the values of I were then transformed into a Z-score. The 

Z-scores were interpreted to assess the magnitude and significance (α = 0.05) of the spatial 

autocorrelation of ΨPD and residuals, knowing that -1.96 < Z-score < 1.96 corresponds to a non-

significant spatial autocorrelation, i.e. there is no clearly identifiable spatial structure. 

RRMSE =
√

1

n
∑ (Oi−Si)2n

i=1

O̅
                       (2.2) 

D-index = 1 −
∑ (Oi−Si)2n

i=1

∑ (|Si−O̅|+|Oi−O̅|)2n
i=1

                                         (2.3) 

where Oi is the observed value, Si is the corresponding simulated value, n is the number of observations 

(n = 49) and Ō is the average of observed values. 

Ci =
C0

C0+C1
. 100                                             (2.4) 

where C0 is the variogram nugget and C1 is the variogram partial sill. 

I =
n ∑ ∑ wij(yi−y̅)(yj−y̅)n

j=1
n
i=1

∑ ∑ wij
n
j=1

n
i=1  ∑ (yi−y̅)²n

i=1

                                                    (2.5) 

Z-score =
I−E(I)

√V(I)
                                                        (2.6) 

where yi and yj are the variable of interest at different spatial locations (i and j), ȳ is the mean of the 

variable of interest, wij is a matrix of spatial weights quantifying the influence of j on i, n is the number 

of units indexed by i and j, E(I) is the average of I and V(I) is the variance of I. 

2.2.3.5. Simulation performance evaluation from an operational context 

The model outputs and the results of the indicators used to evaluate the performance of the modeling 

were also interpreted through the decision process to irrigate (or not) the vineyard at the within-field 

scale. The decision to irrigate was based on different ΨPD thresholds depending on the vine phenological 

cycle (Ojeda, 2007). The ΨPD thresholds were determined from the vine phenological stage assigned to 

the approximate corresponding dates (Figure 2.5). Thus, the intent was not to compare the ΨPD values 

(modeled vs. observed) but to compare the decision made (to irrigate or not). The balanced accuracy 

statistic (BA) was used to summarize if the set of decisions taken at the site-scale to irrigate with ΨPD.mod 

corresponded to the set of decisions taken based on ΨPD.obs (Eq. 2.7). When BA is equal to 1 there is a 

perfect classification. 

BA =  
Sensitivity+Specificity

2
=

1

2
(

TP

TP+FN
+

TN

TN+FP
)                  (2.7) 

where TP is true positive, TN is true negative, FN is false negative and FP is false positive. 
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Figure 2.5 ΨPD values below which irrigation is required over the season. The equation between June 

and August is ΨPD = -0.0033.Day number + 0.1 and is constant after August 1st at -0.65 MPa (adapted 

from Ojeda, 2007). 

2.2.4. Results and Discussion 

2.2.4.1. Calibration values at varying spatial scales 

Table 2.1 presents the results of the calibration optimization performed for the TTSW and Kc model 

parameters at different spatial scales. They represent the calibration of the model to the mean observation 

within each zone for the different levels of zoning (z ∈ [2;5]). The field-scale equated to a 1 zone 

scenario. The site-scale is not shown because it is too large to show here. However, for the site-scale 

calibration, the Kc values ranged from 0.368 to 0.5 and TTSW values ranged from 55 to 107.7 mm. The 

zone in the northern tip of the field (Figure 2.3) was constant to all zonal modeling approaches and 

returned constant parameter values for all calibrations. However, it was interesting to notice that for 

each zone resulting from the merging of two other zones (Figure 2.3), the calibrated parameter value 

was not necessarily an intermediate value of the parameter values of these two zones (Table 2.1). Notice 

that different zones within a spatial scale could have the same parameter values. 

Table 2.1 Calibration values for each scale simulation (except site-scale) and for each WaLIS calibrated 

parameters: maximum crop coefficient of the vine (Kc) and total transpirable soil water (TTSW). 

5 zones 4 zones 3 zones 2 zones Field 

N° Kc TTSW N° Kc TTSW N° Kc TTSW N° Kc TTSW Kc TTSW 

1 0.494 67.4 1 0.494 67.4 1 0.494 67.4 1 0.494 67.4 

0.467 70.5 

2 0.458 67.4 
2 0.5 73.6 2 0.5 73.6 

2 0.485 73.6 
3 0.5 86 

4 0.491 89.1 3 0.491 89.1 
3 0.5 89.1 

5 0.5 86 4 0.5 86 

2.2.4.2. Spatial structure preservation between ΨPD.obs and ΨPD.mod 

The ΨPD.obs (in 2004) was moderately spatially structured over time in the Syrah vineyard (Figure 2.6a), 

with the exception being the August 8th observation that exhibited no spatial structure. This measurement 

occurred shortly after a large (17.5 mm) and unusual precipitation event that will have had a short-term 

effect of homogenizing the vine water status within the vineyard. Two weeks after the event, the spatial 

structure in these data had returned. Therefore, the spatial structure was present when the vines were 

differentially stressed due to the different soil types in the vineyard that permit access to more or less 

soil water. The spatial structure of ΨPD.obs and ΨPD.mod realized at site-scale were comparable until early 

August, after which, the ΨPD.mod no longer showed any spatial structure while the ΨPD.obs continued to 
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exhibit a moderate spatial structure. The WaLIS model tended to simulate more negative ΨPD.mod than 

the ΨPD.obs, which tended to homogenize the ΨPD.mod and, consequently, it did not preserve the spatial 

structure. The Ci and Z-score interpretations were complementary and presented the same trends, with 

the Z-score allowing for an assessment of the significance of the spatial autocorrelation. The spatial 

structure estimated by Ci should be discussed with the significance of the spatial autocorrelation 

estimated by I (through the Z-score), as the two principles cannot exist without each other (Tiefeldorf, 

2000). 

Figure 2.6 Comparison between spatial structures of observed predawn leaf water potential (ΨPD.obs) 

and modeled predawn leaf water potential (ΨPD.mod) using the Cambardella index (Ci) (a.) and Z-score 

(b.). The grey area on the Z-scores plot refers to an area of non-significance of spatial autocorrelation. 

Blue columns correspond to daily precipitation (P) events. 

2.2.4.3. Which modeling scale is the most relevant regarding aspatial and spatial indicators? 

Depending on the modeling date (seasonal timing), the model performance was not constant. At the 

beginning of the season, the RRMSE values were relatively close regardless of the modeling scale 

considered (Figure 2.7a). For late summer, when water stress was the highest, the RRMSE values 

increased because WaLIS underestimated the vine water restriction (overestimated ΨPD). In late summer, 

the RRMSE values were still the highest for the 2-zone and field scale simulations with 34% and 71% 

respectively. For the ΨPD.mod generated at finer scales (3+ zones including individual sites), lower and 

similar RRMSE values were observed, showing a better agreement between ΨPD.obs and ΨPD.mod. When 

using the D-index for assessing the agreement between ΨPD.obs and ΨPD.mod, the finer the modeling scale 

at the beginning of summer, the better the agreement. However, this trend had disappeared by late 

summer (Figure 2.7b) with the site-scale modeling dropping from the highest D-index to one of the 

lowest values in mid-August. The D-index for the field scale simulations were always equal to 0, i.e. 

there was no agreement between ΨPD.obs and ΨPD.mod. 
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Figure 2.7 Evaluation of the WaLIS simulations of the predawn leaf water potential (ΨPD) according to 

the different spatial scales along the measurement period. The RRMSE (a.) and D-index (b.) are 

calculated between observed and modeled data. The Cambardella index (Ci) (c.) and Z-scores (d.) are 

calculated on the residuals between observed and modeled data. The grey area on the Z-scores plot refers 

to an area of non-significance of spatial autocorrelation. Blue columns correspond to daily precipitation 

(P) events. 

The spatial structure of the residuals is an indication of how well the model has been correctly 

spatialized. The target variable, ΨPD.obs, is spatially structured during some periods of the season 

(especially during dry periods) (Figure 2.6a). If the modeling is able to replicate this, then the residuals 

should be spatially random (i.e. exhibit only a nugget effect). In the other extreme, as is the case for the 

whole field simulation, the removal of a constant (modeled) value from the observed data should retain 

the spatial structure in the ΨPD.obs within the residuals. Therefore, a higher Ci value would indicate that 

the residuals were not spatially structured. A Ci value equal to 100 corresponds to a nugget effect of the 

variogram (random effects). Concerning the preservation of spatial structure with respect to ΨPD.obs, two 

trends were interesting to note. 

The first trend concerned the period up until the beginning of August, with the spatial structure 

of the model residuals becoming less and less structured over time for all modeling scales, i.e. Ci 

increases (Figure 2.7c). Thus, the residuals were randomly distributed by early August, as indicated by 

an absence of spatial structure, and it appeared that the spatialized model was performing well. However, 

note the non-significance of the spatial autocorrelation with respect to the residuals (Figure 2.7d). The 

same trend was observed for the spatial structure of ΨPD.obs and ΨPD.mod (Figure 2.6), this loss of spatial 

structure was likely influenced by the precipitation events, which occurred just before the measurement 

dates, and had a homogenizing effect on the ΨPD.obs values within the field. 

The second result concerned the late summer period (mid-August to mid-September), when the 

residuals were randomly distributed for the site-scale modeling but spatially structured for modeling at 

higher spatial scales (zonal or whole field). The residual spatial structure at the higher spatial scales can 
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be explained by the fact that the ΨPD.obs were spatially structured and the ΨPD.mod were not for this period 

(Figure 2.6). The ΨPD.mod were not structured because for all sites constituting the within-field zones and 

the whole field simulation scale, the ΨPD.mod values were the same for all sites. Thus, modeling was not 

able to replicate the ΨPD.obs spatial structure except for the case of the site-scale modeling, which seemed 

to be the best simulation scale regarding spatial indicators for this period. 

The spatial structures of ΨPD.obs and ΨPD.mod were quite different, except at the beginning of the 

modeling period when the spatial structures were comparable, but a period that coincided with low vine 

water stress that is considered of little importance to producers. Additionally, even if the spatial 

structures reflected by the Ci were similar, it is important to note that the level of semivariance for ΨPD.obs 

and ΨPD.mod were not of the same magnitude. The ΨPD.mod semivariance was nearly 75% lower than 

ΨPD.obs semivariance, indicating a much smaller range of values in this dataset. The variance differences 

were not shown with the Ci value because it is a result of the ratio between the nugget and sill values. 

Another point of interest is the range of the variograms used to calculate the Ci. The ΨPD.obs variogram 

range was twice that of the ΨPD.mod variogram range. Thus, the ΨPD.mod spatial patterns (using the site-

scale modeling) were smaller than the ΨPD.obs spatial patterns. 

Looking holistically at the aspatial and spatial indicators, there is no clear pattern to identify the 

best modeling scale. The site-specific and 5-zone modeling (finer spatial resolution models) tended to 

indicate the best model spatialization, for example lower Ci and higher Z-score values in mid-August), 

but this was not supported by better aspatial metrics (lower RRMSE and higher D-Index) at this time 

and at these finer spatial resolutions (Figure 2.7). Thus, the evaluation of model performance cannot be 

estimated by looking at only one or a combination of the indicators, i.e. different indicators point to a 

different best modeling scales, and none can be selected with certainty. For this reason, the metrics have 

also been interpreted relative to the decision process for within-field irrigation. This aimed to be able to 

decide which modeling scale was the most relevant, such that the ΨPD.mod indicated the correct decision 

to be made (i.e. the decision that would have been taken with the ΨPD.obs data). 

2.2.4.4. Which modeling scale is the most relevant in regards to an operational context? 

Figure 2.8 shows the translation of the model output, at each date and at each spatial scale, into an 

irrigation decision based on the date and the recommendation of Ojeda (2007) (Figure 2.5). Note that 

the dates up until and including August 5th had a consistent non-irrigation decision for the real data and 

the modeling at all spatial scales regardless of the actual quality of the prediction (e.g. with the indices 

shown in Figure 2.7). The operational decision-making to change the irrigation situation evolved in mid 

to late August, and the observed data indicated that the northern tip of the vineyard should be irrigated 

from August 18th 2004, and by September 10th the majority of the vineyard, except the southern third, 

should be receiving irrigation. For dates on or after August 18th, the scale at which the crop model was 

applied affected the quality of the irrigation decision. The whole field and 2-zone scale modeling flipped 

the whole field from non-irrigated to irrigated, although on same dates. The WaLIS model tended to 

simulate ΨPD more negative than ΨPD.obs, so all sites were predicted as requiring irrigation. By August 

23rd, the overestimation of vine water stress by the WaLIS model led to an effective irrigation decision 

for the entire field for modeling at all spatial scales. Consequently, the remainder of this discussion will 

focus on the August 18th results. The highest balanced accuracy statistic (BA) was obtained with 

modeling at the 5-zone scale, which outperformed the site-scale modeling according to the BA (Figure 

2.8). The BA was also higher for the 3 and 4-zone modeling than the site-scale modeling. These results 

showed that modeling at a spatial scale between 3 and 5-zones generated a better decision. It was not 

possible to identify this when using the proposed aspatial and spatial indicators. Evaluation in an 

operational context allowed an identification of which scale was the most relevant to model ΨPD as close 

as possible to the ΨPD.obs decision. 
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Date 
Observed ΨPD Modeling ΨPD 

site site 5 zones 4 zones 3 zones 2 zones field 

09.06.2004 

08.07.2004 

05.08.2004 

 

      

BA - 1 1 1 1 1 1 

18.08.2004 

     

  

BA - 0.56 0.83 0.77 0.77 0.47 0.52 

23.08.2004 

  

  

 

 

 

BA - 0.43 0.46 0.46 0.46 0.46 0.46 

10.09.2004 

 

     

 

BA - 0.48 0.48 0.48 0.48 0.48 0.48 

Figure 2.8 Maps of within-field irrigation according to the date and the value of predawn leaf water 

potential (ΨPD) for the observed point data and the modeled data at each considered scale of simulation. 

BA = Balanced Accuracy. Observed and site-scale modeled data maps were interpolated using inverse 

distance weighting. 

2.2.5. Conclusion 

In a precision agriculture context, using crop models at a finer scale than the model’s native spatial 

footprint is of principal interest. Spatialization using downscaling processes is one of the methods that 

could be used to achieve this goal. Resulting spatialized crop models are currently often evaluated using 

aspatial and spatial indicators. However, interpreted individually, these indicators indicated different 

best simulation scales, thus, this study showed that using these indicators was not the most relevant 

method for assessing this kind of model application. The evaluation of spatialized crop models for 

precision agriculture in an operational context seemed to be a better evaluation method. Based on a 

decision-making approach, identifying the best simulation scale that was closest to the observed data 

was much easier and more relevant for assessing model performance. Ideally, a spatial indicator able to 

indicate if the zoning level is more relevant than another level to simulate an agronomic variable could 

be a great improvement. The spatial indicators used in this study are blind to this goal, which is why 

evaluation in an operational context was more relevant in this case. Spatial calibration is the process key 

here in the spatialization process, it would also be interesting to see to what extent the spatial structure 

of the agronomic variable also influences the relevance of this spatialization method. 
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2.3. A new metric to evaluate spatial crop model performances 
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2.3.1.3. Abstract 

In a precision agriculture context, the spatialization of existing crop models by downscaling processes 

to simulate agronomic variables at a within-field scale is of interest to better adapt technical decisions 

at this scale. The evaluation of spatial crop models needs to be based on both aspatial and spatial pattern 

error. However, current aspatial model metrics and existing spatial metrics have known limitations to 

evaluate the performances of spatial crop models. To address these limitations, a new metric, the spatial 

balanced accuracy (SBA), is proposed. The SBA is a novel metric, based on connectivity analysis that 

incorporates both aspatial and spatial aspects of model performance. The theory behind the metric 

development is presented here along with a comparison with existing model metrics applied to synthetic 

simulated data that covers a range of potential conditions. 

2.3.1.4. Keywords 

Downscaling, Connectivity analysis, Spatial patterns, Variograms 

2.3.2. Introduction 

The need for better information in precision agriculture (PA) is driving the increased use of existing 

strategic crop models for short-term and site-specific tactical applications (Pasquel et al., 2022a). This 

is enabled by an ability to spatialize these existing point-based crop models using data assimilation and 

spatial calibration approaches (Jones et al., 2017b). The spatialization of point-based crop models results 

in spatialized crop models. Equally, true spatial crop models are likely to become more available in 

agriculture (Pasquel et al., 2022a). For spatialized or spatial crop models (denoted globally as SCMs), 

having accurate spatial results is important to set up within-field management and to make correct in-

season management decisions. Spatialization is considered as being correct if the observed data and the 

crop model output maps exhibit the same patterning. 

To evaluate the performance of SCMs, particularly when applied at the within-field scale, 

metrics are needed to correctly assess the spatial pattern of the modelled agronomic variable (i.e. spatial 

organization of variable values) (Figure 2.9). A metric may have different goals: (i) to compare relatively 

different modelling approaches to understand model behaviour in varying theoretical circumstances (e.g. 

when changing model scale or the size of calibration/validation data sets) or (ii) to directly analyse how 

well a model has performed in absolute terms (i.e. obtaining real information on the model performance). 
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Regardless of the goal, in PA it is important to be able to quickly determine the effectiveness of a spatial 

or spatialization process and to identify the best performing SCM. Previously, classical aspatial metrics 

(e.g. root mean square error: RMSE) have been systematically used for model evaluation when models 

are applied spatially (see examples in Pasquel et al., 2022a). However, different spatial patterns in the 

model output can be achieved with a common RMSE (Pasquel et al., 2022a, 2022b). Thus, by 

themselves, existing aspatial metrics will not provide complete information of how well a SCM is 

spatially performing. An evaluation of SCM performance needs to account for both (i) the aspatial 

relationship between the values of observed and modelled variable and (ii) the preservation of the spatial 

pattern of the observed variable within the modelled variable. To achieve this, new metrics are needed 

that account for both the aspatial and spatial pattern error between the observed and modelled data. 

In a PA context, the site-specific decision taken at a within-field scale will be directly based on 

the spatial pattern of the agronomic variable of interest (e.g. yield, vegetative vigour), but not directly 

on its spatial structure. The spatial pattern is a specific organization that derives from the spatial structure 

of the data, and multiple different spatial patterns can result from the same spatial structure (Figure 2.9). 

However, most geostatistical methodologies used in the PA community are based on the spatial structure 

(Leroux and Tisseyre, 2018), and for a given spatial structure will give the same result even if the 

agronomic variable shows differing spatial patterns. Therefore, any new proposed metric needs to be 

based on the spatial pattern error, i.e. the preservation of the variable spatial pattern, and resulting from 

an automated and robust approach. 

To date, to the authors’ knowledge, there has been no proposition of a metric in agronomic 

modelling that addresses both the aspatial and spatial pattern error. To address this gap, the proposition 

and theory behind a new metric for spatialized and spatial model evaluation is the main objective of this 

paper. Note that this metric could be applied in a general case of spatial modelling, but the focus here 

was made on downscaled PA applications. The proposed metric will (i) allow a relevant evaluation of 

SCM by assessing both aspatial and spatial pattern error, (ii) be based on an automated and robust 

approach, (iii) be intended to be used to identify which modelling approach is the best (and not to 

understand why the modelled data diverge from the observed variable) and (iv) be able to be used 

regardless of the agronomic context and/or modelling scale. 

Figure 2.9 Difference between spatial structure and spatial pattern, the same spatial structure can result 

in different spatial patterns. Variogram parameters that are used to describe the spatial structure are C0: 

nugget, C1: partial sill, C0 + C1 = sill and the range. 

2.3.3. Material and Methods 

Several metrics could be used to evaluate SCM performances. In this study, the decision was made to 

use the RMSE as an aspatial reference metric, RMSEvario as a variogram-based reference metric and 

RMSEcon as a spatial pattern-based reference metric. 
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2.3.3.1. Aspatial metric: RMSE 

The RMSE (Eq. 2.8) was chosen for the comparison as it is one of the most common aspatial metric 

used to evaluate SCMs (Pasquel et al., 2022a), by calculating the difference between observed and 

modelled data. 

RMSE = √
1

n
∑ (Oi − Mi)

2n
i=1           (2.8) 

where Oi = observed variable, Mi = modelled value and n is the number of observations. 

2.3.3.2. Metric based on variographic analysis: RMSEvario 

Within the PA community, the use of geostatistics, particularly variograms, to evaluate the spatial 

structure of an agronomic variable is a well-known and accepted tool (Leroux and Tisseyre, 2018; Taylor 

et al., 2019). Variographic analysis evaluates the spatial autocorrelation structure between data points 

by computing an experimental variogram of the semivariance of the variable of interest at different 

distances (lags) (Eq. 2.9). 

γ(h) =
1

2.|N(h)|
∑ |x(si) − x(sj)|²(i,j)∈N(h)              (2.9) 

where h = the distance separating points, N(h) = {(i,j) : |si – sj|= h}, |N(h)| = the number of distinct 

elements of N(h), x(si) and x(sj) represent the agronomic variable respectively at location si and sj. 

Koch et al. (2017) suggested an adaptation to Eq. 2.9 to generate a metric that computes the 

difference between the semivariance of observed and modelled data at each lag (Eq. 2.10). 

 

RMSEvario = √
∑ [γ(h)obs−γ(h)mod]²

Nlag
h=1

Nlag
    (2.10) 

where 𝛾(h)obs and 𝛾(h)mod  are respectively the semivariance computed at the distance h for the observed 

and modelled data and Nlag = the number of lags in the variogram. 

As RMSEvario approaches 0, the spatial structure of the observed and modelled data tends to be 

the same. Therefore, the RMSEvario is of potential interest as a spatial or spatialized model metric as it 

integrates at least one aspect of performance, i.e. evaluation of spatial structure between observed and 

modelled data. However, it only addresses the spatial structure of the data, not the spatial pattern. 

2.3.3.3. Metric based on connectivity analysis: RMSEcon 

In PA, it is important to have SCM predictions that follow the real spatial distribution (pattern) of the 

variable of interest for management. Connectivity analysis is a method for assessing spatial pattern in 

hydrology modelling (Koch et al., 2017). It is adapted here to an agronomic context. Connectivity 

analysis is based on clustering neighbouring spatial model units of binary maps in order to compute the 

probability of connection according to Hovadik and Larue (2007) (Eq. 2.11). 

Γ(Xt) =
1

ntot²
∑ ni

2Nclus(Xt)
i=1     (2.11) 

where Xt = the binary map obtained by thresholding a map X at threshold value t, Nclus(Xt) = the number 

of distinct clusters in Xt, and ntot (resp. ni) = the number of spatial model units within Xt (resp. within the 

ith cluster of Xt). 
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Several binary maps are considered in connectivity analysis by thresholding the initial data using 

the percentiles of the variable under study. To formalize Eq. 4 into a metric, Koch et al. (2017) further 

proposed the RMSEcon to evaluate prediction performance by computing the difference between the 

probability of connection of observed and modelled data at each percentile (Eq. 2.12). Computation of 

thresholds based on percentiles make this metric insensitive to numerical bias. 

RMSEcon = √
∑ [Γ(Ot(O,q))−Γ(Mt(M,q))]²100

q=1

100
       (2.12) 

where O and M are respectively the observed and modelled maps, Ot(O,q) = the observed map binarized 

at threshold level t(O,q) defined relative to qth percentile of O and Mt(M,q) = the modelled map binarized 

using threshold t(M,q) defined relative to qth percentile of M. 

The closer RMSEcon is to 0, the better the agreement between the (connected) spatial pattern of 

the observed and modelled data. Like RMSEvario, RMSEcon also integrates a spatial aspect of performance 

of a SCM. However, it has the advantage of directly assessing the spatial pattern, rather than the spatial 

structure (as in RMSEvario). 

2.3.3.4. Spatial balanced accuracy (SBA): a novel spatial pattern-based performance metric 

In previous work (Pasquel et al., 2022b), the use of the balanced accuracy score (BA) (Eq. 2.13) was 

proposed to assess SCM outputs based on a form of map comparison. This approach required the SCM 

outputs to be carried forward into a decision system, i.e. it was not suitable for a rapid, robust, automated 

and direct assessment of the SCM performance. To overcome this requirement, an adaptation of the BA 

concept that incorporates part of the connectivity analysis methodology is proposed here. Neighbouring 

spatial modelling units are defined as in the connectivity analysis. Maps of observed and modelled data 

are used to generate several binary maps using a series of fixed thresholds. Considered thresholds are 

percentiles of the agronomic variable computed on values of observed and modelled data to be evaluated 

(Figure 2.10). For each percentile, the BA score is computed between the binary observed and modelled 

data to assess the spatial distribution and concordance of pixels below and above fixed threshold values 

for both maps. The different BA scores for all considered thresholds are averaged to generate the new 

metric, called the spatial balanced accuracy (SBA) (Eq. 2.14). When SBA is equal to 0, binary maps of 

observed and modelled data are identical. 

BA =
Sensitivity+Specificity

2
=

1

2
(

TP

TP+FN
+

TN

TN+FP
)           (2.13) 

where TP = true positive, TN = true negative, FN = false negative and FP = false positive, when BA = 

1 there is a perfect agreement between observed and modelled map (and complete disagreement between 

maps when BA = 0). 

SBA =
1

100
∑ [1 − BA(Ot(O,M,q), Mt(O,M,q))]100

q=1    (2.14) 

where O and M are respectively the observed and modelled maps, Ot(O,M,q) and Mt(O,M,q) are respectively 

the observed and modelled maps at the threshold level t(O,M,q) defined relative to percentile q on the 

merging distribution of O and M. 

The BA approach was preferred to accuracy to avoid misinterpretations in the case of 

unbalanced datasets. The closer SBA is to 0, the better the SCM performance. It can also be shown that 

SBA = 0 induces RMSE = 0 (i.e. the same values for all localizations), which is not guaranteed with the 

RMSEvario and RMSEcon computation. In this sense, unlike RMSEvario and RMSEcon, SBA incorporates 

both aspatial and spatial pattern errors between observed and modelled data. 
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Figure 2.10 Representation of spatial balanced accuracy (SBA) computation. (a.) Maps of an observed 

and modelled agronomic variable resulting from different spatialized crop models. (b.) Binary maps 

generated for observed and modelled maps computed for the 10th, 25th, 50th, 75th and 95th percentile 

thresholds over the entire range of observed and modelled data. BA is computed for each considered 

percentile thresholds (subscript values) and SBA is computed for each different modelling approach 

(superscript values). 

2.3.3.5. Simulation study 

To assess the performance of the different metrics under controlled conditions, simulated data were 

generated for various scenarios considered relevant to PA applications. A virtual field (50 x 60 pixels) 

with a strong spatial structure of the simulated agronomic variable was generated using a spatialized 

Gaussian field with the gstat R package (Gräler et al., 2016; Pebesma, 2004) in R 4.2.0 (R Core Team, 

2022). The 3000 pixel values were defined using a theoretical variogram fitted with a spherical model. 

The variogram parameters were chosen as follows: nugget = 1, partial sill = 100 and range = 20. The 

agronomic variable mean was fixed to 50. This field was then trimmed to 50 x 50 pixels to form the 

reference simulated observed field (Figure 2.11). 

Five simulated SCM outputs were then generated. The first three were obtained by applying a 

form of error (or noise) distribution to the reference field. A constant normal distribution N(0,5) of error 

was generated and then applied (A) randomly, (B) with a positive relationship and (C) as for B with a 

constant bias added (Figure 2.11.A-C). These cases represented situations where the theoretical SCM 

was performing (A) poorly, (B) well and (C) well but with a bias. The fourth and fifth simulated SCM 

outputs were generated by (D) shifting the reference field 10 pixels horizontally within the original 50 

x 60 field, to obtain a new field from the simulated observed data with an identical spatial structure but 

an offset spatial pattern, and (E) by randomly generating a second field with identical variogram 

parameters of the original reference field and completely different spatial pattern (Figure 2.11.D-E). 

Thus, Model E has the same spatial structure as the simulated observed data (i.e. same variogram 

parameters) but results in a different spatial pattern. These represented situations where the theoretical 

SCM was performing (D) quite well but with a spatial bias and (E) poorly. A well-performed metric 

should be able to identify Model B as the best theoretical SCM. 
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Figure 2.11 Illustration of the simulated spatial agronomic variable maps used to evaluate theoretical 

spatialized crop models. Observed data were generated from a spatialized Gaussian field. Modelled data 

were simulated by adding or creating different error distributions to the observed data: (A) random noise, 

(B) positively applied noise, (C) positively applied noise with a numerical bias, (D) spatial pattern 

translation of the simulated observed data and (E) same spatial structure but with a different spatial 

pattern. 

2.3.4. Results and discussion 

The results of the calculations for the five different simulated SCM outputs (Models A to E) relative to 

the simulated observed reference field are shown in Table 2.2. Using RMSE, Models A and B were 

identified as best and identical. The RMSE was unable to differentiate between them as the same error 

distribution was attributed in both models. RMSE is an aspatial metric thus only estimates the aspatial 

relationship between values of observed and modelled data. Model A should not be identified as 

equivalent to Model B as the spatial pattern is more distorted in Model A. This has previously been 

shown with other data sets (Pasquel et al., 2022b, 2022a). 

Using RMSEvario, Model E was identified as the best model, followed by Model D. The 

RMSEvario assesses spatial structure (with variogram parameters). Variograms of the reference observed 

data and Model E and D outputs were very close as they were generated from a spatial Gaussian field 

with the same variogram parameters, i.e. the same spatial structure. Given this, it was unsurprising that 

these models were identified as the best models by RMSEvario. In contrast, Models B and C were the 

worst performing according to RMSEvario, and they were unable to account for the numerical bias 

introduced in Model C. This was a poor result given that Model B should be considered as the best 

performing approach. It highlights the difference between assessing the spatial structure and spatial 

pattern in SCM outputs, and its effect on geostatistical metrics like RMSEvario. Furthermore, estimating 

the spatial structure of an experimental variogram involved fitting a theoretical variogram, which 

required expert knowledge that is incompatible with the aim of having an automated and robust metric. 

Table 2.2 Comparison of different metrics to identify the theoretical SCMs with the best performance. 

Each indicated value was computed between observed and modelled data. 

Data Model A Model B Model C Model D Model E 

RMSE 9.90 9.90 26.63 14.10 17.90 

RMSEvario 106.49 317.87 317.87 21.67 9.14 

RMSEcon 0.16 0.05 0.05 0.17 0.10 

SBA 0.18 0.04 0.17 0.37 0.50 

RMSEcon identified Models B and C as the best models but was unable to differentiate between 

them. The spatial patterns of both models are the same, but the aspatial relationship is biased for Model 

C, i.e. the RMSEcon is a spatial metric that is insensitive to numerical bias. Regarding the objective of 
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this study, RMSEcon is more relevant than RMSEvario as it is responsive to spatial patterns, rather than 

spatial structures and is more easily automated. However, a drawback to using connection probabilities 

to evaluate SCM performances is that it detects the presence of patterns at the within-field scale but not 

their location. Thus, for a given output, such as Model B, the RMSEcon would be identical if the output 

map was rotated 90°, 180° or 270°, i.e. if it had the same spatial pattern output but with different 

locations. 

Like RMSE and RMSEcon, the result using the novel SBA metric also identified Model B as the 

best model. However, SBA clearly identified Model B as the single best model (and not equal to another 

model as in the case of both RMSE and RMSEcon). Model B is considered as the best because it has the 

closest aspatial relationship between value data and preserves a maximum of the spatial pattern relative 

to the observed data. The SBA methodology is mainly based on connectivity analysis, which assessed 

the variable spatial pattern. However, by also evaluating thresholds (i.e. percentiles for this study) across 

all values of observed and modelled data using the BA theory, the SBA also took into account the 

aspatial relationship between the observed and modelled data. The RMSEcon was unable to do this 

because the thresholds were computed independently between the observed and modelled data. The 

methodology to assess the variable spatial pattern was kept (i.e. it computed a metric for different binary 

maps for different defined thresholds between observed and modelled data), but BA was computed 

instead of the probability of connection. By evaluating both the spatial pattern connectivity and the 

placement of these spatial patterns, the SBA was able to correct the second drawback of connectivity 

analysis. This was shown by its lower result (higher SBA value) of Model D compared to B and C. 

Thus, from this short study with limited simulations, the SBA appears to be the most relevant and 

promising metric among those tested for evaluating SCM performance. Further research will focus on 

testing the SBA via more in-depth sensitivity analyses and in real case studies to verify the ability of 

this metric to correctly characterise SCMs. 

2.3.5. Conclusion 

This work has proposed a new metric, spatial balanced accuracy (SBA), to address the issue of how to 

evaluate the performance of a spatial or spatialized crop model (SCM). The SBA may have accounted 

for both the aspatial relationship between the values of observed and modelled variable(s) and the 

preservation of the spatial patterns of the observed variable(s) within the modelled variable(s). It is based 

on connectivity analysis with a modification to correct drawbacks of this methodology to evaluate the 

outputs of a SCM. In this preliminary study, the SBA gave relevant results on theoretical SCMs using 

simulated data that encompassed a variety of conditions. More detailed simulations are planned to verify 

these results. 
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2.4. General conclusion of the chapter 

The objective of this chapter dealing with the theoretical part of this manuscript, was to investigate the 

way spatialized crop models are currently evaluated and the suitability of the metrics being used. The 

research work presented here has highlighted several scientific points. Firstly, it has clearly highlighted 

that current aspatial and spatial metrics used by the precision agriculture and crop modeling communities 

are not the most relevant metrics to assess the spatialized crop model performances. The simulated 

examples presented here have shown that in some particular cases, the interpretation of existing aspatial 

and spatial metrics could lead to a misinterpretation of the outputs of spatialized crop models. Therefore, 

different modeling approaches could be identified as performing equally well when this is not actually 

the case. Indeed, aspatial metrics only evaluate numerical error without taking into account spatial error. 
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Spatial metrics are mostly based on spatial structure and are designed to be used as descriptors and not 

as assessing metrics. Thus, using these metrics for evaluating spatialized crop model performances could 

lead to wrong interpretations. 

The work presented in this chapter demonstrated that evaluating spatialized crop models on both 

aspatial and spatial errors is necessary to provide a relevant and reliable evaluation on the models. It is 

not possible to just use an aspatial or just a spatial indicator. Currently, the scientific community 

commonly accepts the use of multiple metrics in order to have a better interpretation of model outputs. 

This is especially the case for spatialized crop models which are evaluated on both aspatial and spatial 

error, even if the used metrics have been shown to be flawed. It was clear from the original literature 

review (Chapter 1) and the simulations in this chapter that a new and different type of metric was needed 

to help evaluate the performance of spatialized (or spatial) crop models. To this end, the second part 

presented in this chapter focused on the development of a combined aspatial and spatial metric to fill 

this gap, by proposing the spatial balanced accuracy (SBA) score. 

Based on connectivity analysis used in the hydrology community, the SBA score allowed for a 

more relevant evaluation of spatialized or spatial (crop) models than existing crop model metrics. SBA 

score allows for a comparison between observed data and modeled data resulting from several spatial 

modeling scales. Thus, this metric represents a relative evaluation of spatialized crop models. The 

connectivity analysis is based on the assessment of spatial pattern instead of spatial structure. In a 

precision agriculture context, spatial pattern is the primary interest for decision-making about the spatial 

footprint of potential cultural practices. Interpretation of this metric could also be made through several 

spatial modeling scales allowing an identification of which spatial scale is the most relevant. This 

chapter demonstrated the contribution of SBA score and throughout the rest of this manuscript, this 

metric will be used to help to evaluate spatialized crop model performances (Chapters 3 and 4). Thus, 

SBA will be applied to different use cases to study its consistency. In the following chapters, the SBA 

score will be used in a relative evaluation between different spatialized crop model outputs to identify 

which scale is closer to the observed, validation data. 

However, as this is a new metric, the suggestion from this work is to only use the SBA metric 

for relative comparisons until further analysis of the SBA score behavior is performed. The SBA was 

designed for comparison of modeling results from the same crop model, for the same crop, for the same 

agronomic variable and for the same field, but at different spatial scales. It should only be used in this 

context at the moment. For now, it is not possible or not relevant/reliable to use it for comparisons 

between completely different modeling contexts. Indeed, the proposed approach has not been tested or 

validated for this type of application and, until this has been done, results generated in such a context 

should be carefully interpreted regarding their relevance. In this manuscript, the SBA score was only 

employed for very specific cases, for a relative comparison of modeling accuracy. The value produced 

by the SBA is not as a RMSE value. SBA score interpretation relative to an operational use (e.g. 

difference in water or nitrogen supply regarding to a reference) remains difficult without more reference 

to help it. More works should be led to better understand how the two components (aspatial and spatial) 

are taken into account to be able to interpret SBA score correctly. Moreover, more research is needed to 

clearly defined a possible value domain to improve the interpretability of the SBA score in other context 

or for other purposes. The next steps on the SBA research are to investigate the relevance of this metric 

in any use-case, and to define the anticipated range of values and to propose an interpretation of the 

SBA values. These next steps do not exclude a modification of the SBA score if necessary.
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Chapter 3 

 

Focus on spatial calibration approach as a 

downscaling process to spatialize crop models 
 

 

3.1. Intention note 

Crop models are commonly used to reproduce the biophysical processes occurring through the soil-

plant-atmosphere interaction. Generally, the overall aim is to predict an agronomic variable of interest 

(e.g. final yield, produced biomass, crop quality) under varying environmental and management 

variables. However, although these crop models are very useful for reproducing the conditions of crop 

growth and interactions with its environment, they are only models and cannot reproduce the world 

perfectly. As a result, they are subject to uncertainties. Several bias and uncertainties can affect crop 

model performances. The origin of these uncertainties can be grouped in three different sources 

regarding (i) the model structure, (ii) the input data and (iii) the model parameters (van Oijen and Ewert, 

1999). 

Reduction of these uncertainties is of primary interest for the agronomic and modeler 

communities to increase the reliability of crop model prediction. The uncertainty linked to the crop 

model structure is inherent to the design of the crop model. This source of uncertainty is mainly based 

on the representation of crop growth by the crop model equations. Crop models differ in the degree of 

equation complexity used internal, but regardless of their complexity, they cannot exhaustively describe 

all variables that influence plant development. Thus, depending on their complexity and parametrization 

(i.e. the internal parameter estimation), uncertainty linked to model structure can have a huge impact on 

the accuracy of crop model predictions (Kamali et al., 2022; Kawakita et al., 2020). The uncertainty 

related to input data is manly based on the error of measurement and sampling. Thus, selecting the most 

suitable data, relative to the model equations needs, will increase the crop model performance. Error(s) 

in the input data will propagate through the modeling process. It is for this reason that many crop models 

are designed and constructed at the field-scale to use mean field input data, to ‘smooth’ the input data 

by minimizing stochastic errors in these data and ensuring that the data fit within observed and 

constructed norms that suit the model equations. For more accurate modeling (and this is particularly 

true for predictions at the within-field scale), the increase in the availability of high-resolution input data 

that could better reproduce the spatial pattern of the agronomic variables is of primary interest to end-

users reduce this source of uncertainty (Laux et al., 2021). Such high-resolution data could be aggregated 

to generate mean field information to satisfy the native crop model structure. Aggregation smooths these 

data. However, when used in a data assimilation or, as proposed here, a spatial calibration approach, 

these data are used at their native spatial footprint, not the model’s footprint, and may contain different 

stochastic errors from more ‘typical’ model input data. The sensor type and the mode of data collection 

will influence the uncertainty in these high-resolution spatial data. In general, high-resolution sensor 

data are considered to have a higher level of stochastic error at an individual point, but this higher 

stochastic error is offset by the higher number of observations available within a given area when used 

for mapping or decision-making (Tisseyre et al., 2018). However, these high-resolution data are not 

necessarily directly the crop model input(s) or output(s) and can represent data more or less correlated 

with these crop model variables. Thus, depending on the level of correlation between the input/output 

of the crop models and the high-resolution data, uncertainties can occur when using these data for 

modeling processes. The influence of this effect when these data are used to downscale crop models is 
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still not well understood in the crop modeling community, it is referred here as the second source of 

uncertainty. The third source of uncertainty related to model parameters can be managed by an 

optimization of available data and the model calibration process to adjust model parameters, and this 

process has a key role to play and a great potentiality to reduce crop model uncertainties (Gao et al., 

2020; Seidel et al., 2018). However, there are a diversity of existing methods that can be used to calibrate 

crop models and the consensus among model practitioners is that the optimum way to calibrate crop 

models is still an open, unanswered question among the scientific community (Confalonieri et al., 2016; 

Seidel et al., 2018). This means that beyond the data used for the calibration, the way the calibration 

proceeds will also have a significant impact on the crop model performances. This highlights the 

importance of careful selection of data and methods for the calibration process in order to optimize the 

crop model performance, and this will also be true for spatialized crop models. 

The spatial calibration process presented in this research work is based on a methodology 

involving several steps. First, high-resolution ancillary data that has relatively similar spatial patterns 

with the considered agronomic variable to model is used to delineate within-field calibration zones using 

a segmentation algorithm. It is assumed that both are spatially structured, which justify the spatialization 

of crop model. Then, a frequentist method of calibration is applied to calibrate certain crop model 

parameters to the different zones, using zone-specific input data. Finally, the most relevant modeling 

scale is identified for the modeling process. It is important to note that this spatial calibration method 

does differ from data assimilation in the way that the high-resolution ancillary data are used. There is 

no ‘forcing’ of the model with these ancillary data. The ancillary data are only used to identify 

calibration zones, at various scales, which allows model parameters to be calibrated spatially. The 

calibration of the model parameters is done in a ‘classical’ sense, using typical, available input data 

averaged at the zone level, i.e. observed data not high-resolution, sensor-derived data. The amount of 

input data available for calibration is fixed. Therefore, as the number of zones increases, the data 

available per zone, on average, will decrease, which again will bring more stochastic (measurement) 

error effects into the zone means (compared to the field, or 1-zone, ‘average’ modeling), which needs 

to be investigated. The benefit of this spatial calibration approach, compared to a data-assimilation 

approach, is that the model can be calibrated and run from the start of the season, or even pre-season, to 

test management scenarios. Data assimilation requires in-season information to ‘force’ or ‘update’ the 

model predictions, thus can only be used once the growing season has begun. The drawback to this 

proposed spatial calibration is of course the need for relatively high-resolution, geo-referenced 

calibration data. 

When developing the methodology explained in the following articles, there were several 

methods investigated and tested to propose the most successful spatial calibration approach (for these 

conditions). Concerning the within-field segmentation, other methods were tested, such as the k-means 

algorithm and its variants. However, conserving the spatial characteristics of the segmented data (zones) 

was found to be very important to the modelling process, i.e. contiguous zones, rather than spatially 

fragmented classes made more sense practically (for management) and for the modeling. Therefore, to 

delineate within-field zones, the segmentation algorithm (Pedroso et al., 2010) from GeoFIS R package 

(Guillaume and Lablée, 2022) was ultimately used for its ability to take into account the spatial 

characteristics of the data and define coherent zones. This approach was chosen because the data could 

possibly be on an irregular grid. The data could have been interpolated on a regular grid allowing the 

use of several different zoning methods but would have required kriging and thus would have modified 

the data distribution. Introduction of a smoothing (e.g. kriging) would not have allowed to specifically 

study the effect of the crop model but the effect of both crop model and interpolation method, which 

was not the intent of this work. Thus, the choice to not interpolate the data on a regular grid was made 

and this algorithm was used. Note that delineate calibration zones was based on different purposes tant 

management zones delineation. In addition, a relatively simple frequentist approach based on a mean 

absolute error was chosen to calibrate the crop model parameters. The main intent in the proposed spatial 

calibration approach was the spatial constraint (multi-scale zoning) enforced during the calibration. 
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Thus, a simple calibration method was chosen but the spatial calibration could obviously be done using 

more complicated approaches, such as a Bayesian approach for instance, that could introduce 

information related to the uncertainty associated with the calibrated parameter value and help improve 

model calibration. 

The research work presented in this chapter aimed to investigate the relevance of using a spatial 

calibration approach depending on the considered agronomic variable. The objective was here to 

understand if a spatial calibration could improve and optimize the spatialized crop model performances. 

This relevance was investigated depending on the agronomic data characteristics: its spatial structure, 

its variability and its correlation with an associated ancillary data that was used to spatialize (zone) the 

field at various scales. Note that the range of the ancillary data correlation considered in this work was 

very spread (from 94% to 10%). Other levels of correlation were tested but have not been reported as 

the output results did not show any significant difference to those given already. However, this range of 

correlations was selected based on reported real studies from the literature, reflecting a realistic use of 

ancillary data correlations. 

Similarly, this investigation was based on simulated data related to vine water status through the 

predawn leaf water potential. However, to ensure the temporal consistency for a reliable calibration 

process, these simulated data were based on real measured data from an experimental vineyard. A 

dedicated method of simulation data was designed to this aim. The relevance of the proposed spatial 

calibration was investigated using a relatively simple crop model WaLIS and its performance was 

evaluated using the RRMSE and the SBA score (Chapter 2). The spatial calibration process (involving 

all the different calibrations at each different considered spatial scale) and the evaluation of their 

performances using the SBA score required a lot of computing time, which led us to use a high 

performance computer server (MESO@LR-Platform) for this study. 

3.2. What drives the performance of a crop model spatialized at the within 

field scale? 

3.2.1. Details about the paper 

3.2.1.1. Title and publication information 

This section was submitted to Precision Agriculture in October 2023 and is currently under review. 

3.2.1.2. Authors 

Pasquel D.1,*, Taylor J.A.1, Tisseyre B.1 and Roux S.2 

1 ITAP, Univ. Montpellier, INRAE, Institut Agro, Montpellier, France 
2 MISTEA, Univ. Montpellier, INRAE, Institut Agro, Montpellier, France 
* Corresponding author: daniel.pasquel@inrae.fr 

3.2.1.3. Abstract 

The calibration process is a necessary step to improve mechanistic crop model performances and to 

reduce the uncertainty related to model parameters. Modeling agronomic variables at the within-field 

scale needs to have an accurate reproduction of the spatial pattern to enable a suitable spatial 

management. Spatial calibration, as proposed here, is a downscaling method for crop model 

spatialization that includes spatial constraints by means of zoning and ancillary data. The objective of 

this study was to investigate the relevance of using spatial calibration at the within-field scale compared 

to classical calibration (without spatial constraint). To this aim, the impact of three driving properties 

was studied: the targeted variable variance, its level of spatial structure, and the correlation level of 

ancillary data. A method was designed to extrapolate various spatial structures from the one of an 
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existing vineyard whilst ensuring the temporal consistency of the synthetic data. The method was 

applied to a vineyard crop model (WaLIS) using predawn leaf water potential (ΨPD) measurements and 

synthetic ancillary data correlated to ΨPD. Results showed that spatial calibration improved the model 

performances at the within-field scale when ΨPD was strongly structured and highly correlated to the 

ancillary data. When ΨPD was either moderately or weakly spatially structured, the spatial constraint 

added more error instead of correcting errors, deteriorating the crop model performances. The ancillary 

data and the segmentation algorithm had a large impact on the spatial calibration performances. This 

study identified the cases where spatial calibration could be used to improve within-field modeling. 

3.2.1.4. Keywords 

Predawn leaf water potential, WaLIS, Spatial calibration, Precision agriculture, Spatial pattern 

3.2.2. Introduction 

Crop models are useful tools for predicting agronomic variables and interactions along the soil-plant-

atmosphere continuum. Mechanistic crop models, especially the complex ones that require several 

parameters for their functioning, may involve unknown values or values with large domains of 

uncertainty in their parametrization. These uncertainties affect crop model outputs and thus reduce 

modeling performances. Therefore, investigating and understanding how to reduce the sources of 

uncertainty to increase the reliability of crop models is of primary interest to developers and users to 

have more relevant models (Wallach et al., 2016). The sources of uncertainty in predicting agronomic 

variables are well known and are based on (i) the model structure, (ii) the input data and (iii) the model 

parameters (van Oijen and Ewert, 1999). Seidel et al. (2018) highlighted suggestions to improve 

identified sources of uncertainty for crop modeling, especially for model parametrization via a 

calibration process. These sources of uncertainty are valid for both classical or spatialized applications 

of crop models. However, it is unknown how a spatialization process may affect these uncertainties. 

The calibration process aims to adjust the crop model parameters to reduce the difference 

between the observed measurements and the modeled values. Initially, crop models are designed in a 

constrained domain that involves certain climatic and environmental contexts. The principal objective 

of a recalibration process is to be able to extend the crop model beyond this initial domain, because 

parameter values cannot be universally representative (Coucheney et al., 2015; Wallach, 2011). 

However, because the real world is so variable, a calibration approach is useful and even necessary to 

reduce uncertainties in crop model prediction regardless of the target domain. Consequently, calibration 

processes to reduce model parameter uncertainty are the second most important field in crop modeling 

uncertainty studies (Chapagain et al., 2022). Indeed, a large diversity of calibration methods and steps 

exist and, depending on the suitability of the approach selected, bias in the modeling may occur and can 

have a large effect on the crop model performances. Thus, the choice of a suitable calibration method is 

paramount. Most studies involving crop model calibration tend to use different methods that can be 

either frequentist, e.g. by Ordinary Least Square (OLS) (Ramirez-Villegas et al., 2017; Zeng et al., 

2016), or Bayesian, e.g. Generalized Likelihood Uncertainty Estimation (GLUE) or Markov Chain 

Monte Carlo (MCMC) (Jha et al., 2022; Li et al., 2018; Sexton et al., 2016; Zhang et al., 2019). Gao et 

al. (2020) compared three calibration methods to perform crop model calibration. These authors 

concluded that OLS was a fast and efficient method although MCMC was reliable to investigate the 

uncertainty associated with the estimation of crop model parameters.  

Regardless of the method used, the calibration of process-based crop models will involve many 

decision steps, and the best approach to realize these steps may have no consensus among the agronomic 

community (Wallach et al., 2021). The literature shows that many studies have already compared several 

calibration approaches for crop models, highlighting the diversity of methods used and the potential gap 

in performances between methods (Seidel et al., 2018). By focusing on the calibration of phenological 

parameters of complex crop models, which only represent a part of the whole model parameters that can 
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be calibrated, Wallach et al. (2021) highlighted the diversity of potential approaches that could be used 

and tried to propose some guidelines to homogenize practices. These guidelines directly refer to the 

careful selection of the method to optimize the crop model calibration. Many calibration methods are 

known to be efficient, but their efficiency can differ depending on the modeling goal. Thus, the right 

calibration method should be selected in accordance with the specific modeling goal. Moreover, using 

the right metric in agreement with the modeling objectives is also an important part of calibration (Yang 

et al., 2014). In other words, crop model calibration is not standardized among crop model practitioners 

and there are a lot of methods and tools to calibrate and evaluate them. 

In a precision agriculture context, crop models could be used to identify the most relevant 

management strategy to be applied at the within-field scale. However, applying crop models at a the 

within-field scale involves some form of model spatialization to adjust the native spatial footprint of the 

model to a finer-scale prediction of agronomic variables (Pasquel et al., 2022a). However, downscaling 

crop models may increase input parameterization that may not lead to improve model performances at 

finer scales (Zhen et al., 2023). The spatialization of crop models can be achieved upstream or 

downstream of the crop model modeling and thus, does not fundamentally change the internal structure 

of the model, i.e. the crop model still operates the same way (Pasquel et al., 2022a) and changes are 

made before the model is run (upstream) or after the model has been fully or partially run (downstream). 

Calibration approaches to change the spatial footprint of crop models are considered to be upstream 

approaches. In the case of crop model downscaling for precision agriculture purposes and for modeling 

at the within-field scale, recalibration of model parameters is performed to adjust for local site-specific 

variability without changing the model equations. 

While model calibration can be used for crop model spatialization (for either upscaling or 

downscaling applications) it has been rarely used (Basso et al., 2001; Cammarano et al., 2021; Leo et 

al., 2023). Spatialization has been more commonly achieved via data assimilation approaches, which 

are relevant when in-season data are available to adjust/correct the crop model. Data assimilation 

approaches are not strictly relevant for the pre or early-season use of crop models in precision 

agriculture. In contrast, if historical spatial data are available and they are known to influence certain 

crop model parameters then, by correctly selecting the right spatial data and the right crop model 

parameter(s), the targeted crop model parameter(s) could be spatially calibrated based on historical data. 

An example of this could be the adjustment of soil moisture characteristic according to soil type (particle 

size distribution) using high-resolution soil maps. The soil type will be stable over time so any spatial 

calibration in year n can be confidently carried forward into year n+1. This spatial calibration will allow 

the crop model to be spatialized (downscaled) before the season starts. Such an approach has been used 

recently to demonstrate the ability of spatial calibration to downscale the APSIM model (Holzworth et 

al., 2014) within a cereal field in Italy (Pasquel et al., 2023a). However, how effective this spatial 

calibration approach is and the scale of spatialization that can be achieved has been poorly investigated 

so far. 

To address the lack of knowledge in this area, this study was conceived to investigate the 

relevance of applying a spatially constrained calibration approach, i.e. a spatial calibration (Pasquel et 

al., 2023a), at the within-field scale to preserve the spatial pattern of the agronomic variable. An 

assumption behind this previously existing and tested method is that constraining the spatial pattern of 

the agronomic variable will allow a spatially consistent smoothing of the calibration error relative to the 

measured data set. Given that fewer data, and data with a higher level of noise will be available for finer-

scale calibration, it is not immediately apparent if a (spatial) calibration at a finer spatial scale will be 

able to efficiently reproduce the spatial pattern of the target agronomic variable (Tisseyre et al., 2018). 

A spatial calibration approach could lead to higher noise in the calibration resulting in a poorer overall 

model performance, i.e. a poorly calibrated local crop model is likely to be less useful than a properly 

calibrated field-scale model for management. How to determine the correct scale at which to perform a 
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spatial calibration is an obvious research question that is still to be addressed by the crop modeling 

community. 

Within this broad context, the objective of this study is twofold. Firstly, and most importantly, 

the work is realized to better understand how relevant it is to spatialize crop models by using spatial 

calibration to predict agronomic variables at the within-field scale using a relatively simple crop model. 

More specifically, the goal is to investigate the effect of three components hypothesised to have a 

significant impact on the spatial calibration process : (i) the characteristics of the spatial structure/pattern 

of the agronomic variable of interest at the evaluation date, (ii) the total variance of the agronomic 

variable at the evaluation date, and (iii) the degree of correlation between the agronomic variable of 

interest and the ancillary data used to delineate within-field calibration zones. All three were investigated 

to understand how these effects influenced the spatial calibration process of a simple crop model. In this 

case the model was WaLIS (Celette et al., 2010) that is designed to simulate predawn leaf water potential 

(ΨPD) in vineyards as a season progresses (with the intention of managing water stress). As it is a 

temporally evolving model, to be able to calibrate the WaLIS spatialized crop model, ΨPD data from 

several dates were necessary. Consequently, to investigate the relevance of the three identified effects, 

a large number of different fields were needed and it was therefore necessary to generate specific 

temporally coherent synthetic data1. This represented a secondary objective, namely, how to properly 

simulate data, like ΨPD, that temporally evolves over the season. This is fundamentally different to other 

agronomic variables, such as yield, which have a fixed value at a certain time point (e.g. harvest). To 

respect the temporal evolution of ΨPD, it was necessary to generate spatially rearranged fields (SRFs) 

from real field data that represented ΨPD at different phenological stages. Issues arising from the 

generation and the use of synthetic data in this way for study, and for future studies, will be also 

discussed along with the impact of the spatial structure/pattern of the target variable, temporal variability 

in the target variable and the role of ancillary data in defining calibration zones. 

3.2.3. Material and Methods 

3.2.3.1. General methodology 

The whole method applied for this study is described in Figure 3.1 and is further detailed in the following 

sections. As multiple different hypotheses were being tested, several different fields with identified 

spatial structures of model inputs and outputs were needed. However, such an agri-dataset was 

unavailable and in reality would be quite complicated to obtain, thus unlikely to ever be available. 

Therefore, synthetic data were generated in order to control all the desired properties of the fields and 

to study the relevance of the spatial calibration in specific different cases. These synthetic data should 

also present a temporal consistency, and this was achieved by using available data from a real case study 

(one single field over several years) as a template for the generation of the synthetic data. 

The classical calibration approach was based directly on the synthetic vineyards and applied at 

two scales. Firstly, a classical model calibration was performed using field averages (which is how the 

model is designed to work). Following this, each point was individually calibrated, using the classical 

approach, whereby the observed values at each point were effectively considered to be ‘field averages’ 

(site scale calibration was not considered as spatial calibration because there was no direct spatial 

constraint in the calibration process thus directly equivalent to a classical calibration method). This 

resulted in crop model outputs at either the field or the site scale.  

The spatial calibration was defined as a calibration process based on the delineation of 

calibration zones from ancillary data that were representative of the spatial pattern of the considered 

agronomic variable. For further details about the spatial calibration approach please refer to Pasquel et 

                                                      
1 The term ‘synthetic data’ and ‘simulated data’ refers in this article to the virtual data generated for the need of 

this study. The term ‘modeled data’ refers to the data resulting from the modeling using the crop model, i.e. 

modeled data are considered here as crop model outputs. 
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al. (2023a). After the delineation of the calibration zones, the mean value of the measured sites within 

each zone was used for the spatial calibration, i.e. the modeling was performed at the spatial scale of the 

zones. Crop model outputs resulting from the classical calibration approaches and the spatial calibration 

approaches were compared to estimate the relevance of a spatial calibration to spatialize crop model at 

the within-field scale. Regarding these results, several key hypotheses were investigated: (i) a stronger 

spatial structure of the target variable will provides a better option for spatial calibration, (ii) a higher 

variance of the agronomic variable will generate a better opportunity to have contrasting calibration 

zones (and ultimately more effective modeling with spatial calibration) and, (iii) the effectiveness of the 

calibration zone delineation is dependent on the correlation of the target variable with the ancillary data. 

Indeed, the zones derived from ancillary data are assumed to be more relevant to define calibration zones 

when the correlation between both information sources is higher. 

Figure 3.1 The method used to compare the classical calibration approach and the spatial calibration 

approach and to assess the relevance of this latter. (i) Data generation by rearranging the real measured 

sites to match with the targeted spatial structure corresponding to three spatial structure modalities: S 

(strong), M (moderate) and W (weak). Each check mark corresponds to a verification step, if the 

synthetic field do not fill the considered modalities for the considered step, this field is discarded and 

another is generated. (ii) Simulation of the ancillary data used for the spatial calibration approach with 

three different levels of correlation with the rearranged site of measurement: 10%, 50% and 94%. (iii) 

Ancillary data segmentation performed with the segmentation algorithm to delineate different resolution 

of within-field zones: 2-zone, 3-zone, 4-zone and 5-zone. (iv) Calibration of the crop model using either 

a classical calibration approach (blue paths) or a spatial calibration approach by identifying the spatial 

parameters (red path). (v) Modeling the agronomic variable at the different spatial modeling scales 

considered: field scale, 2-zone scale 3-zone scale, 4-zone scale, 5-zone scale and the site scale. (vi) 

Evaluation of the calibration approaches using the relative RMSE (RRMSE) and the spatial balanced 

accuracy (SBA) score. 
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3.2.3.2. Field data and crop model 

3.2.3.2.1. Temporal consistency by using real data field observation 

The experimental vineyard used for this study was a 1.2 ha Syrah vineyard located in the south of France 

(43.144°N, 3.131°E, Gruissan, Aude) on the INRAE Pech Rouge experimental site. The agronomic 

variable of interest was the predawn leaf water potential (ΨPD). ΨPD was measured for two consecutive 

years (2003 and 2004) on several dates (respectively 7 and 6 dates) at the within-field scale on 49 

measurement sites using a pressure chamber (more details are available in Acevedo-Opazo et al. (2010) 

for this data set) (Figure 3.2). The measurements realized in 2003 were used to ensure the temporal 

consistency of the temporal in-season evolution of ΨPD for the synthetic vineyards described hereafter. 

(Section 3.2.3.3). 

 

Figure 3.2 Location of the experimental Syrah vineyard at INRAE Pech Rouge (Gruissan, Aude, 

France) (left) and the distribution of the 49 sampling points within the vineyard, where each point 

represents the location of measured predawn leaf water potential (ΨPD) at multiple dates during the 

season. 

3.2.3.2.2. WaLIS and predawn leaf water potential (ΨPD) 

The crop model used was a predictive model of vine water stress: Water baLance for Intercropped 

Systems – WaLIS (Celette et al., 2010). WaLIS was able to model the ΨPD, which was the agronomic 

variable of interest for this study. For the WaLIS modeling, the 2003 and 2004 weather data acquired 

through the weather station 11170004 (Gruissan) of the INRAE network via the Climatik application 

were used as inputs (Figure 3.3). These data included the daily mean temperature (Tmean), the daily 

precipitation (P) and daily evapotranspiration (ET). The latter was computed using the Penman-

Monteith equation (Allen et al., 1989; Pereira et al., 1999). Note that WaLIS actually simulates the 

fraction of transpirable soil water (FTSW) and, by using a conversion, the FTSW is then transformed 

into ΨPD (Eq. 3.1) (refer to Lebon et al. (2003) for further details). Therefore, a realistic ΨPD minimum 

had to be defined because this conversion contained a logarithmic expression and the resulting FTSW 

value could be equal to 0. This minimum was assumed to the lowest value observed within the 2003-

2004 dataset, which was -1.1 MPa. All measured dates in 2003 were used to calibrate WaLIS and the 

prediction of ΨPD was carried out in 2004 focusing primarily on only two dates when water stress in the 

vineyard is changing relatively rapidly. As the agronomic variable of interest is the vine water stress in 

a non-irrigated vineyard in this study, it is common to have no stress (uniform response) in the early to 

mid-early season period. This is then followed by a period where stress increases (mid to mid-late 

season), and the rate of increase may be spatially variable, until the entire vineyard reaches a constant 

level of high water stress and again exhibits a fairly uniform response. It was not relevant to predict in 
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times of uniform stress (either low and high), hence the focus on the two mid to mid-late dates (July-

August) in this study. 

𝜓𝑃𝐷.𝑚𝑜𝑑 =
log(𝐹𝑇𝑆𝑊)−log (𝐶𝑎)

𝐶𝑏
     (3.1) 

where Ca is a constant equal to 1.0572 and Cb is a constant equal to 5.3452 (from Lebon et al., 2003). 

Figure 3.3 Weather conditions for the production season for (a.) 2003 and (b.) 2004 with the red line 

and the blue bars corresponding respectively to the mean temperature (Tmean) and the daily precipitation 

(P). The dashed gray lines correspond to the dates of measurement of ΨPD considered for this study in 

2003 (June 18th, June 26th, July 8th, July 16th, July 23rd, July 30th and August 12th) and 2004 (July 8th and 

August 18th). 

3.2.3.3. Data generation 

3.2.3.3.1. Spatially rearranged field simulation 

Spatially rearranged fields (SRFs) are defined in this study as synthetic data obtained by spatially 

rearranging existing data, i.e. forming new virtual vineyards. All the SRFs were derived from the 2003 

observed data. The geographic locations of the sampling points was retained but the observed values 

(for a given date) were redistributed to different sampling points to achieve different spatial structures 

and patterns. The redistributed fields, i.e. SRFs, were then considered as reference data to evaluate the 

spatialized crop model performances following the process described in Figure 3.1. To calibrate the 

WaLIS spatialized crop model, ΨPD data from several dates were necessary. In non-irrigated vineyards, 

the spatial pattern of ΨPD is known to show a temporal consistency over time as water stress increases 

(Acevedo-Opazo et al., 2010), and all the ΨPD point measurements realized in 2003 exhibited such a 

temporal consistency and a distinct ΨPD evolution. Therefore, in order to have a consistent simulation 

and a realistic modeling from WaLIS, it was necessary to generate the same temporal consistency in the 

SRFs, i.e. for a given set of SRFs that represented a given year used for the calibration process. Thus, 

the ΨPD data needed to have a coherent temporal variability. To achieve this, each unique measurement 

site had a distinctive temporal profile in ΨPD that represented the observed temporal distribution in 2003. 

When a value was shifted to a different sampling point in a SRF, its temporal profile was also shifted, 

i.e. each measurement site kept its own temporal profile. Thus, the evolution of ΨPD value measured at 

a specific location was considered independent from the evolution of ΨPD value measured in its 

neighborhood to allow this spatial rearrangement. 

The SRF characteristics were constrained by the selected evaluation dates, especially with the 

spatial structure of ΨPD (SSΨ) and the total variance of ΨPD (σΨ). In the evaluation year (2004), two dates 

were selected for the study according to their SSΨ and σΨ: July 8th 2004 and August 18th 2004 (Table 

3.1). These dates were originally relatively spatially structured compared to the other measured dates, 

so rearrangement of measured sites could be done more easily to simulate different levels of SSΨ. Note 

that in the following study, resulting synthetic vineyards from July 8th 2004 and August 18th 2004 were 

respectively referenced as low σΨ and high σΨ. 
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Table 3.1 Characteristics of the predawn leaf water potential (ΨPD) measured for possible evaluation 

dates related to their variability and spatial structure. The dates in bold correspond to the considered 

dates kept for the study having desired coupled characteristics. σΨ = standard deviation of ΨPD 

(characterizing the variability), Ci.Ψ = Cambardella index of ΨPD (summarizing the variance spatially 

organized and the spatial structure). 

Date σΨ (MPa) σΨ characterization Ci.Ψ (%) Ci.Ψ characterization 

09.06.2004 0.05 low 25 moderate 

08.07.2004 0.10 low 51 moderate 

05.08.2004 0.08 low 98 weak 

18.08.2004 0.16 high 32 moderate 

23.08.2004 0.15 high 37 moderate 

10.09.2004 0.21 high 60 moderate 

 

For this study, a choice of three different modalities to characterize the SSΨ was made based on 

the Cambardella index (Ci) (Cambardella et al., 1994). These were strong (S) (Ci < 20%), moderate (M) 

(40% < Ci < 60%) and weak (W) (80% < Ci) SSΨ. To model the different SSΨ, a reference spatial 

structure with known parameters was simulated using a theoretical variable. This theoretical variable 

was generated using Gaussian random fields (GRFs) on theoretical fields of size 500 x 500 pixels to 

ensure the targeted spatial structures were realized and that the theoretical variogram approximated the 

experimental variogram. To ensure the temporal consistency, the same number of units was needed for 

the synthetic vineyards, thus, new 49-unit GRFs were generated (corresponding to the 49 initial 

measurement sites) with the same field shape as the real vineyard field. These new GRFs were selected 

to approximate the targeted spatial structure (i.e. defined by the 500x500 GRFs) to ensure the spatial 

structure characteristic conservation of each considered SSΨ modalities (S, M and W). Every spatial 

structure was estimated by theoretical variograms fitted with a REML method, more suitable when 

limited data are available to compute variograms (Kerry and Oliver, 2007). Thus, when both theoretical 

variograms of targeted GRFs and 49-unit GRFs were close (i.e. with a similar Ci and a weak RMSE 

computed between each lag), spatial structures were assumed to be similar, i.e. the generated 49-unit 

GRFs were considered to have the desired SSΨ modality and the considered 49-unit GRF was kept. 

Then, the same approach was used to reassign the ΨPD values from the real data set (Figure 3.4) from 

the evaluation year to the 49-unit GRFs. Reassignments were based on value ranking between the 49-

unit GRF and the real 49 measurement sites. This reassignment ensured that the spatial structure/pattern 

characteristics were kept by sorting the values and attributing them according to their rank, i.e. real 49 

measurement sites values were orderly reassigned to the 49-unit GRF values (this method aimed to 

conserve a similar spatial structure) (part (i) Figure 3.1). Temporal consistency was ensured because the 

reassigned sites kept their ΨPD evolving through the calibration data set. Finally, there was 120 SRFs 

simulated (40 per SSΨ). 
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Figure 3.4 Predawn leaf water potential (ΨPD) measured on the experimental vineyard on (a.) July 8th 

2004 corresponding to the date with low total variance of ΨPD (σΨ) and (b.) August 18th 2004 

corresponding to the date with high σΨ. Voronoi tessellation was used to convert each of the 49 

measurement sites of ΨPD into polygons. 

3.2.3.3.2. Ancillary data simulation 

Ancillary data were also simulated for each generated SRF at three different levels of correlation with 

the corresponding ΨPD (ϱAD) at the evaluation dates (part (ii) Figure 3.1). As a result, these ancillary data 

were spatially correlated with the SRF. To be able to modify ϱAD, the method from Oger et al. (2021) 

was adapted to simulate the ancillary data as needed for this study (Eq. 3.2 and 3.3) 

𝐴𝐷𝑖 = 𝜓𝑃𝐷𝑖
+ 𝜀𝑖    with    𝜀𝑖  ~ 𝑁(0, 𝜎𝐴𝐷

2)          (3.2) 

𝜎𝐴𝐷
2 =

𝜎𝜓
2

(𝐶𝑜𝑟(𝜓𝑃𝐷,𝐴𝐷))2 − 𝜎𝜓
2  with  𝐶𝑜𝑟(𝜓𝑃𝐷 , 𝐴𝐷) 𝜖 [0,1]           (3.3) 

where ADi is the ancillary data value at the location i, ΨPDi is the ΨPD value at the location i, σAD² is the 

variance of simulated ancillary data, σΨ² is the variance of predawn leaf water potential reassigned and 

Cor(ΨPD,AD) is the Pearson correlation between both variables. 

In other words, with the assumption of second-order stationarity, the variance of ΨPD and 

ancillary data corresponded to the sill values of the theoretical variogram. Thus, depending on the ϱAD 

desired, the variance to be added to the ΨPD values was determined by Eq. 3.2. The correlation levels 

considered were 94%, 50% and 10% for ϱAD within the SRFs. These three levels were selected based on 

correlations observed in the literature between normalized difference vegetation index and vine 

physiology parameters (Bramley et al., 2019; Hall et al., 2011) and to provide strongly contrasting levels. 

3.2.3.4. Spatial calibration approach 

The objective of this study is to identify in which situations the use of a spatial calibration approach is 

likely to be more relevant compared to classical calibration. The intent was to model an agronomic 

variable at the within-field scale, and to do so, within-field calibration zones derived from ancillary data 

were considered. The results of the spatial calibration approach were compared to the results of a 

classical calibration approach corresponding to the site scale modeling (where all sites are individually 

calibrated) and the field scale modeling (where a unique value is computed over the whole field) (part 

(v) Figure 3.1). Although, the classical calibration approach was applied to the site-scale modeling, the 

calibration was independent of the ancillary data, so there was no spatial pattern of the agronomic 
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variable explicitly conserved through the modeling (i.e. sites are considered as independent modeling 

units). 

3.2.3.4.1. Segmentation 

Within-field zones were delineated using a segmentation algorithm (Pedroso et al., 2010) included in 

the GeoFIS R package (Guillaume & Lablée, 2022) applied to the synthetic ancillary data for each 

generated SRF (part (iii) Figure 3.1). The considered number of within-field zones were between 2 and 

5 zones. Concerning the ϱAD, the hypothesis was that the higher the level of correlation of the ancillary 

data with the ΨPD, the more relevant the segmentation will be. Thus, the relevance of the segmentation 

was evaluated by a one-way analysis of variance (ANOVA) linking ΨPD with the delineated zones. The 

more the delineation explained the variation in ΨPD, the more the segmentation was considered relevant. 

Therefore, SRFs were kept depending on the delineation relevance, i.e. based on the proportion of 

variability explained by the delineated within-field zones. For the modeling scales higher than the 

measurement site scale, the spatial calibration was performed by an aggregation of the observed ΨPD 

within each zone (based on a mean of the constituting sites of each zone) from the rearrangement of the 

measured ΨPD. 

Thus, considering the 120 SRFs, the 3 modalities of ϱAD, the 7 levels of spatial modeling scales 

and the classical calibration scales (i.e. field and site scale), there were 2,520 simulations for the whole 

study. 

3.2.3.4.2. Spatial calibration of WaLIS 

The WaLIS parameters identified as likely to have some spatial variation were the total transpirable soil 

water (TTSW) and the maximum crop coefficient of the vine (KC) (McClymont et al., 2019; Verdugo-

Vásquez et al., 2022). Other WaLIS parameters were aspatially defined and their values were kept 

constant at a level representative of the Mediterranean context from where the original data were 

measured (part (iv) Figure 3.1). The TTSW and KC were spatially calibrated by finding the optimal 

parameter values on a 2-dimension grid using the measured data from ΨPD 2003. The TTSW values 

ranged from 55 to 210 mm in increments of 5 mm and the KC values ranged from 0.35 to 0.5 in 

increments of 0.05. Retained values were those that minimized the mean absolute error (MAE) 

compared to all ΨPD measurements realized in 2003. 

3.2.3.5. Modeling performance evaluation 

For all the modeling, outputs were disaggregated to the site scale level to assess the relevance of the 

spatial calibration. To evaluate outputs of spatialized WaLIS, the root mean square error (RMSE) (Eq. 

3.4), the relative root mean square error (RRMSE) (Eq. 3.5) and the spatial balanced accuracy (SBA) 

(Eq. 3.6) (Pasquel et al., 2023b) were used (part (iv) Figure 3.1). The RMSE and the RRMSE were used 

to complement the SBA score in order to have a quantified numerical error. The SBA score was used to 

account for the preservation of the spatial pattern of the outputs. It provides an assessment of both 

aspatial and spatial pattern errors. Thus, SBA was used on each spatial modeling scale. 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑂𝑖 − 𝑀𝑖)²𝑛

𝑖=1     (3.4) 

 

𝑅𝑅𝑀𝑆𝐸 =
√

1

𝑛
∑ (𝑂𝑖−𝑀𝑖)²𝑛

𝑖=1

�̅�
    (3.5) 

where Oi is the observed ΨPD, Mi is the corresponding modeled ΨPD, n is the number of observation (n 

= 49) and �̅� is the average of observed ΨPD. 
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SBA(O, M) =
1

100
∑ [1 − BA(Ot(O,M,q), Mt(O,M,q))]100

q=1         (3.6) 

where O and M are respectively the observed and modeled maps, Ot(O,M,q) and Mt(O,M,q) are respectively 

the observed and modeled maps at the threshold level t(O,M,q) corresponding to percentile q on the 

merging data distributions of O and M. 

The SBA score was used to identify the best modeling scale from the spatial calibration 

approach, i.e. calibration at within-field zonal scales (RMSE was used to compared results obtained with 

SBA score). The best performed spatial modeling scale (n-zones), for each synthetic vineyard, was then 

used to compared and evaluate the relevance of using a spatial calibration compared to a classical 

calibration approach at either the field or site scale. The SBA score is currently designed to perform a 

comparison of spatialized modeling processes within the same field. It is not designed to compare a 

spatial modeling scale between fields (Pasquel et al., 2023b). However, the rearrangement of the sites 

in the generation of the SRFs meant that there were effectively many different fields (even though they 

had the same shape and the same number of observations). Therefore, it was not possible to compare 

between different SRF simulations, but only to different spatial scales within an individual SRF. To 

overcome this limitation and to avoid misinterpretation, the difference in the SBA score (ΔSBA) was 

used to compared results across the SRFs. The ΔSBA allowed an assessment of the relevance of a spatial 

calibration approach by comparing the results from a classical calibration at either the site scale 

(ΔSBAsite) (Eq. 3.7) or the field scale (ΔSBAfield) (Eq. 3.8) against the best performed spatial calibration 

scale. If the ΔSBA was positive, the spatial calibration approach had a better performance, i.e. a closer 

numerical value with a closer spatial pattern, than the classical calibration approach and vice versa if 

ΔSBA was negative. 

Δ𝑆𝐵𝐴𝑠𝑖𝑡𝑒 = 𝑆𝐵𝐴(𝑂, 𝑀𝑠𝑖𝑡𝑒) − 𝑚𝑖𝑛𝑧 ∈ {2,3,4,5}[(𝑆𝐵𝐴(𝑂, 𝑀𝑧𝑜𝑛𝑒)]            (3.7) 

where Msite is the ΨPD modeled using a classical calibration approach at the site scale and Mzone is the 

ΨPD modeled using a spatial calibration approach for each considered within-field zones. 

Δ𝑆𝐵𝐴𝑓𝑖𝑒𝑙𝑑 = 𝑆𝐵𝐴(𝑂, 𝑀𝑓𝑖𝑒𝑙𝑑) − 𝑚𝑖𝑛𝑧 ∈ {2,3,4,5}[(𝑆𝐵𝐴(𝑂, 𝑀𝑧𝑜𝑛𝑒)]              (3.8) 

where Mfield is the ΨPD modeled using a classical calibration approach at the field scale and Mzone is the 

ΨPD modeled using a spatial calibration approach for each considered within-field zones. 

3.2.3.6. Statistical analysis 

All statistical analysis were performed using the R software (R Core Team, 2022). Multiple-way 

ANOVA was used to evaluate the significance of SSΨ, σΨ and ϱAD in the determination of ΔSBA. Before 

applying ANOVA, residual normality and homoscedasticity were tested using the Shapiro test and the 

Levene test respectively. A post hoc test, realized using a Tukey's Honest Significant Difference, was 

used to identify significant pairwise differences among the modalities and to identify which groups were 

different from the others. 

3.2.4. Results 

3.2.4.1. Performance of WaLIS in predicting ΨPD 

WaLIS modeled ΨPD with its own intrinsic error directly related to crop model assumptions. For the date 

with high σΨ, the mean of the different RMSEs obtained for each spatial modeling scale and each ϱAD, 

was equal to 0.16 MPa (Figure 3.5). The spatialized WaLIS performances were dependent of the 

segmentation level and the correlation between the ancillary data and the ΨPD (refer to the 

Supplementary Figure S.A1, S.A2 and S.A3 to see the WaLIS performances for each level of 

segmentation and each level of correlation for the considered virtual vineyards in Figure 3.5). 
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WaLIS performances were similar for both modeling dates (high and low σΨ). Note that for all 

modeling results from the ‘classical’ model calibration, the field scale modeling RMSEs were always 

equal (as the average is always the same). Similarly, the site-scale modeling RMSEs were always equal 

regardless of the spatial arrangement of the sites as the temporal consistency was always constant. 

Indeed, only the measurement site locations were different between each of them (modification of the 

SSΨ), and calibrations were thus identical and consequently the modeled ΨPD as well. The RMSE at the 

within-field scales (2-5 zones) were different depending on the modeling because, depending on the 

spatial arrangement of the measurement site, the calibration zoning was different and the resulting 

calibrations differed leading to a differently modeled ΨPD. Evaluation using RMSE allowed an 

estimation of numerical errors in the spatialized WaLIS prediction. However, RMSE only assessed the 

aspatial error but was not able to assess the spatial pattern error. 

Figure 3.5 Performances of WaLIS in predicting predawn leaf water potential (ΨPD) regarding each 

considered spatial structure of ΨPD (strong, moderate and weak) between the (a.) observed (synthetic) 

ΨPD and modeling at different spatial scales: (b.) field and site scale, (c.) at within-field scale (2-zone 

and 5-zone scales) for different level of correlation between ΨPD and the synthetic ancillary data (10% 

and 94%). The presented modeling date were based on August 18th with a high ΨPD variability. Results 

are only shown for one synthetic vineyard for each spatial structure modality. 
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3.2.4.2. Relevance of using a spatial calibration approach 

In Figure 3.6, the more positive the ΔSBA value, the more the spatial calibration approach was relevant 

compared to a classical calibration at field or site scale. The ΔSBA dispersion was different for both 

dates (high and low σΨ The variability of ΔSBA was higher for the date with a high σΨ (August 18th). 

For both dates, ΔSBA were higher when ϱAD was higher, except for simulations that generated weak 

spatial structures where the results were less constrated. Thus, in all cases, increasing ϱAD increased the 

relevance of using a spatial calibration approach. The violin plots (Figure 3.6) showed that most of the 

ΔSBA values were relatively well grouped for all combinations of spatial structure and ancillary data 

correlations, but most did present some outliers. The results of Tukey’s test (indicated by a letter on the 

top of the Figure 3.6) identify any significance differences between different combinations of spatial 

structure and ancillary data correlation. 

For a high σΨ, comparisons between using spatial calibration or classical calibration at the site 

scale, i.e. ΔSBAsite results, showed that spatial calibration was significantly relevant when SSΨ was 

strong with ϱAD at 94% (Figure 3.7) but that the relevance of using spatial calibration compared to the 

site scale calibration decreased with a decrease in ϱAD. The 50% and 10% approaches were equivalent 

and had a tendency to have a deteriorated performance when spatial calibration was used. For moderate 

or weak SSΨ, the ΔSBAsite showed that it was not significantly relevant to use a spatial calibration 

approach. The comparison between using spatial calibration or classical calibration at the field scale, 

i.e. the ΔSBAfield results, showed that the use of spatial calibration was significantly relevant when SSΨ 

was strong or moderate with ϱAD at 94%. When SSΨ was strong with ϱAD at 50%, there was a tendency 

to improve the modeling performance using spatial calibration, but this was not significant. When SSΨ 

was moderate with ϱAD at 50% or 10%, there was a tendency to deteriorate the modeling performance 

using spatial calibration. For a weak SSΨ, using spatial calibration or classical calibration at field scale 

approaches were equal, except with the ϱAD at 10% where a tendency for the spatial calibration to 

deteriorate modeling performances was observed. 
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Figure 3.6 Change in the SBA distributions using a spatial calibration approach compared to a classical 

calibration approach (at field scale at the bottom and at site scale on top) depending on the spatial 

structure of the agronomic variable (SSΨ) (strong, moderate and weak spatial structure), the variability 

of the agronomic variable (σΨ) (high variability on right and low variability on left) and the correlation 

between the agronomic variable and the ancillary data (ϱAD) (Pearson’s correlation of 10%, 50% and 

94%). A positive ΔSBA corresponds to better results with a spatial calibration approach, respectively a 

negative ΔSBA corresponds to a better result with classical calibration approach. Letters on the top are 

based on Tukey’s test of significance. Modalities with the same letters are not significantly different at 

0.05 probability level. 

For a low σΨ, the ΔSBAsite results showed that using spatial calibration was significantly relevant 

when SSΨ was strong with ϱAD at 94% (Figure 3.7). For ϱAD at 50% and 10% with a strong SSΨ, using 

spatial calibration had a tendency to deteriorate modeling performance, which was also observed for a 

moderate SSΨ with ϱAD at 10%. For other modalities, the ΔSBAsite showed that using spatial calibration 

or classical calibration at site scale approaches led to equal performances. Regarding the ΔSBAfield 

results when σΨ was low, the results showed that spatial calibration was significantly relevant when SSΨ 

was strong and moderate with ϱAD at 94%. For all other modalities, the ΔSBAfield showed that spatial 

calibration or classical calibration at field scale approaches led to equal of better performances. Overall, 

for conditions with a low σΨ, the results were less contrasted than with a high σΨ. 
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Figure 3.7 Relevance of using a spatial calibration compared to a classical calibration regarding the 

difference of SBA score for different spatial scales of modelling. Significances were estimated with a 

Tukey test (modalities with different letters) and correspond to a significant improvement or 

deterioration of the spatialized crop model (represented by *). Blue cases correspond to a better 

performance of a spatial calibration compared to a classical calibration.  Red cases correspond to a better 

performance of a classical calibration compared to a spatial calibration. σΨ corresponds to the variability 

of ΨPD, S, M and W correspond to the spatial structure modalities SSΨ (respectively strong, moderate 

and weak), 10, 50 and 94 correspond to the ancillary data correlation ϱAD (respectively 10%, 50% and 

94%). 

3.2.4.3. Assessment of aspatial and spatial errors 

Results obtained using ΔSBA were compared with results obtained using ΔRRMSE. Only a comparison 

for ΔSBAsite and ΔRRMSE computed between spatial calibration and classical calibration at the site 

scale approaches are shown here. This choice was made to highlight the situation of using a classical 

calibration at the site scale instead of a spatial calibration to represent the spatial pattern of ΨPD at within-

field scales. However, in some cases, the ΔSBAsite showed that a spatial calibration could improve the 

spatialized crop model performances especially when σΨ was high (Figure 3.7). 

Compared to ΔSBAsite (Figure 3.7), ΔRRMSE showed more contrasted results (Figure 3.8). 

When the correlation with ancillary data was high (ϱAD at 94%), spatial calibration was significantly 

better performed for all levels of spatial structure (ΔRRMSE > 0 ; blue coloring). However, for the other 

two levels of ϱAD (10% and 50%), spatial calibration was significantly worse than classical calibration 

for all levels of spatial structure (ΔRRMSE < 0 ; red coloring). The ΔRRMSE results were more sensitive 

to ϱAD than SSΨ in this study. 
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Figure 3.8 Relevance of using a spatial calibration compared to a classical calibration regarding the 

difference of RRMSE for different spatial scales of modeling for a date of high σΨ (August 18th 2004). 

Significances were estimated with a Tukey test (modalities with different letters) and refer to a 

significant improvement or deterioration of the spatialized crop model performances (represented by *). 

σΨ corresponds to the variability of ΨPD, S, M and W correspond to the spatial structure modalities SSΨ 

(respectively strong, moderate and weak), 10, 50 and 94 correspond to the ancillary data correlation ϱAD 

(respectively 10%, 50% and 94%). 

3.2.5. Discussion 

3.2.5.1. Cases when spatial calibration should be preferred compared to classical calibration 

approach 

The relevance of using a spatial calibration approach compared to either classical calibration approaches 

(whether at the field or site scale) decreased with a decreasing ϱAD. The spatial calibration was identified 

as significantly relevant when ϱAD was high (equal to 94%) for both dates, i.e. regardless of whether the 

σΨ was high or low. When ϱAD was equal to 94%, the spatial pattern of both the ΨPD and ancillary data 

were very similar. Consequently, the segmentation of the ancillary data into calibration zones faithfully 

reproduced the spatial pattern of the target agronomic variable. Thus, it was unsurprising that spatial 

calibration was able to improve the calibrated model performances. However, when ϱAD dropped to 

50%, which is a value that is often observed in spatial agri-datasets, results were more contrasted and 

the degree of variability in the target variable became important as to whether the spatial calibration was 

more relevant or not. With a lower level of correlation, it appeared that a greater variance in the target 

variable was needed to justify a spatial calibration approach. When there was very little correlation 

between the ancillary data and the target variable (ϱAD = 10%) the segmentation method could not define 

relevant calibration zones and the spatial calibration generated worse results than a classical calibration 

approach at both the field and site scale. 

For modeling under conditions of high σΨ, it was more complicated to know when the use of a 

spatial calibration approach was relevant. Indeed, even with a high σΨ, there were simulations with a 

significant deterioration of prediction quality. For example, when SSΨ was weak or moderate, using 

spatial calibration significantly deteriorated modeling performances compared to classical calibration at 

the site scale, even with a high σΨ. Without a strong SSΨ, the segmentation of the ancillary data was 

generally unable to accurately reproduce the spatial pattern of the target variable. Therefore, incorrect 

calibration zones were defined that added more error into the modeling compared to a non-spatial 

calibration approach. These results indicated that for moderate and weak SSΨ, a spatial calibration 

approach should be avoided. When the target variable exhibited a strong spatial structure, the spatial 

calibration improved performances compared to a classical calibration either at field or site scales, but 
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the significance of the improvement decreased with decreasing ϱAD. In such cases, spatial calibration 

improved modeling performances because it corrected errors that could occur when applying classical 

calibration at site scale because it better reproduced the spatial within-field variance. 

For modeling with a low σΨ, the results from the spatial calibration and classical calibration 

approaches were almost equivalent. The low σΨ resulted in simulated ΨPD values that were close 

together, generating very little differentiation between the calibration processes and consequently 

resulting in the same (or similar) modeled ΨPD values. This was particularly evident for moderate to low 

ϱAD where modeling performance was relatively poor. Indeed, for low σΨ, the segmentation of 

calibration zones is less relevant for the spatial calibration. However, when considering a low σΨ, using 

either a spatial calibration or a classical calibration resulted in the same quality of modeling. 

Nevertheless, when performances of spatial calibration and classical calibration at the site scale 

were equal, the spatial calibration approach may still be preferred because it allows the reproduction of 

the spatial pattern of the agronomic variable to some degree. Spatial calibration, relative to site-scale 

classical calibration, also reduces the number of calibrations/parametrizations to be achieved to 

reproduce the spatial patterns of the agronomic variable. This is likely to be more relevant when using 

complex crop models, such as APSIM or DSSAT (Hoogenboom et al., 2019; Jones et al., 2003) that 

have many more parameters to estimate when compared to simpler crop models, such as WaLIS. A 

spatial calibration approach, based on calibration zones, keeps the spatial pattern but reduces the number 

of calibrations needed in complex situations and thus will reduce the effort and time needed in the 

calibration processes. As it also involves some form of data aggregation, calibration zones could also, 

in specific cases, reduce the potential uncertainties resulting from the calibration process (compared to 

a site-by-site classical calibration approach). 

Finally, spatial calibration showed globally better results than the classical calibration at the 

field scale and better results, on some identified combinations, than the classical calibration at the site 

scale. Applying spatial calibration by applying a spatial constraint via segmentation into the calibration 

process, allowed the calibration process to correct a part of the calibration error that occurred when 

ignoring the spatial pattern of the agronomic variable. By reproducing the spatial pattern of the 

agronomic variable, the aim was to smooth the calibration error and thus reduce the uncertainty of the 

prediction. Typically, the goal was to reduce the part of calibration uncertainty coming from poor quality 

data observed at high resolution. However, using a spatialized crop modeling approach will still not be 

able to correct any errors originating from the model itself, because spatial calibration does not alter the 

internal structure (equations) within the crop model. 

3.2.5.2. Spatial calibration performances using a spatial pattern based metric 

Assessment of the spatial calibration approach using the RRMSE was more contrasting than using the 

SBA score. Results were only shown for a comparison between spatial calibration and classical 

calibration at the site scale (Figure 3.7 vs 3.8). Classical calibration at the site scale is intuitively the 

natural method when reproducing spatial patterns of the agronomic variable is the objective, i.e. the 

highest available resolution should be preferred. Thus, it was of primary interest to know if this was true 

and when and to what degree of downscaling was relevant for a spatial calibration approach. When 

comparing results from the RRMSE and SBA scores, it was clear that these two metrics were not 

converging regarding the weak SSΨ scenarios. The RRMSE showed that using spatial calibration with 

ϱAD at 94% improved performances for all considered SSΨ while, the SBA showed that for weak SSΨ, 

the use of spatial calibration was not the best approach because spatial patterns could be forced 

depending on the considered agronomic variable. The RRMSE also showed that using spatial calibration 

on strong SSΨ significantly deteriorated performances with ϱAD values of 50% and 10%, although the 

SBA analysis showed equivalent results for ϱAD at 50% and a tendency to deterioration at 10%. Although  

the SBA score was unable to numerically quantify the error, its use has been shown to be relevant to 

assess the spatial pattern error in the evaluation of spatialized crop model outputs (Pasquel et al., 2022a). 



CHAPTER 3 

FOCUS ON A SPATIAL CALIBRATION APPROACH AS A DOWNSCALING PROCESS 

TO SPATIALIZE CROP MODELS 

79 

 

3.2.5.3. Spatial calibration dependence regarding the segmentation of the within-field zones 

In this study, the spatial calibration approach was based on using calibration zones as a means of 

downscaling the crop model. The simulations certainly revealed that there was a huge dependency on 

the considered ancillary data and the segmentation algorithm. However, in this preliminary study, it was 

difficult to know which of these factors had the strongest impact on the determination of the relevance 

of spatial calibration. Ancillary data introduced uncertainty depending on its level of correlation with 

the considered agronomic variable and in a real case scenario will also have uncertainty associated with 

its acquisition. There are many different ways to segment or classify agri-data into classes or zones, and 

the relevance of any given approach will be linked to the type of data acquired and the objective of the 

zoning. However, each method will yield different outcomes and will have some inherent level of 

uncertainty in the resulting delineation. 

 Calibration zones are not the same as management zones. They should be derived specifically 

to support spatial calibration and the spatialization of the crop model. It is possible, and likely expected, 

that the spatialized output from the crop model could be used with other data to generate management 

zones, i.e. that calibration zones help to inform, but are not necessarily equal to, management zones. It 

is clear that further work on the best methodology to delineate calibration zones is needed. However, 

from this preliminary work, it appeared that having ancillary data that accurately reflected the target 

variable should be the first prerequisite when considering spatial calibration. If a relevant ancillary data 

for the target variable is available, then it is likely that the choice of classification/segmentation 

algorithm will be less important. Consequently, when the ancillary data and the target variable are less 

well correlated, the method of calibration zone delineation should become more important. However, 

this question of the relative incidence of the zoning approach versus the quality of ancillary data is still 

unclear and should be investigated in further research. 

For this preliminary study, only a single ancillary data layer was chosen to simplify the 

assumptions and the simulation of the ancillary data used. In reality, for a relevant and reliable use of 

ancillary data, several types of data should be used to better describe the spatial pattern of the agronomic 

variable (Derby et al., 2007). Data fusion is necessary to integrate several sources of ancillary data to 

have a more accurate delineation of within-field zones (Castrignanò et al., 2019). The use of ancillary 

data with relatively stable spatial pattern characteristics (e.g. soil texture) coupled with variables with 

changing spatial pattern from year to year depending on weather conditions (e.g. yield maps, crop 

coverage) has been identified as possible alternative to fully integrate the spatial pattern of production 

at the within-field scale (Nawar et al., 2017). In the case of this study, having several ancillary data 

layers would have been preferable but would also have been very computationally challenging and could 

possibly have led to bias in the results interpretation, particularly if the level of autocorrelation within 

and between multiple synthetic ancillary datasets was not well controlled. This question of how to best 

define calibration zones using multiple datasets remains an open question to be addressed in future work. 

The main goal of applying a spatial calibration approach was to reproduce the spatial pattern of 

the agronomic variable at the considered modeling date. However, spatial information of the agronomic 

variable at the beginning of the production season is not always possible. Moreover, spatial patterns, on 

which the calibration zones are assumed to be delineated, may be temporally dynamic for many 

agronomic traits. In other words, the spatial calibration approach was not designed to take in-season 

temporal aspects into consideration because calibration zones are fixed at the beginning of the modeling. 

The spatial calibration is a method with a similar objective to data assimilation processes, which are 

often advocated for downscaling a crop model (Jin et al., 2018). Data assimilation represents a wide 

variety of methods to correct or adjust the crop model parameters multiple times during the growing 

season based on observed in-season data (e.g. remotely-sensed data) to predict a crop model state 

variables. The data assimilation approach is mainly used for its accurate temporality to estimate crop 

growth status, but is limited as it cannot be used pre-season for predicting the upcoming season, like the 

spatial calibration method used here. Furthermore, applying a data assimilation method does not 
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guarantee the consistency of the agronomic variable spatial pattern, which can generate spatial issues to 

correctly model the agronomic variable. In other words, there is a potential to take advantage of both 

approaches, spatial calibration and data assimilation, to complement each other. Thus, the temporal 

characteristics of data assimilation and the spatial characteristics of spatial calibration may allow an in-

season recalibration to better take into account the spatial pattern of the agronomic variable. The 

temporal consistency of the synthetic data was a huge issue in this study. It was a challenging objective 

to model an agronomic variable with both spatial and temporal consistency, and was achieved by 

constraining the simulations to the properties of existing real data. This has an intrinsic limitation as this 

relative small real data set may not be a correct representation of the actual population. A better 

accounting of spatio-temporal changes in the target agronomic variable could be an interesting source 

of improvement that should also be investigated in further research. 

3.2.6. Conclusion 

The study investigated the effect on a spatial calibration approach of the spatial structure characteristics 

of the considered agronomic variable at the evaluation date, the total variance of the same agronomic 

variable, and the level of correlation between this agronomic variable and the ancillary data used to 

delineate the within-field zones. Spatial calibration significantly improved modeling performances when 

the agronomic variable had a strong spatial structure, a high level of variability and when ancillary data 

were highly correlated. However, a special attention should be given to cases with moderate and weak 

spatial structure with high variability that did not benefit from spatial calibration in this example. When 

the variability of the target variable was low, there was no difference in the model performance by using 

a classical or spatial calibration approach. The modeling performances were assessed by both a classical 

(RRMSE) and a new spatial metric (SBA) to allow an evaluation of both aspatial and spatial pattern 

errors. As a preliminary study, it was noted that the results were strongly influenced by the synthetic 

ancillary data and, potentially, the segmentation algorithm used to generate the calibration zones. This 

was a preliminary study into the potential to use a spatial calibration process as a means of spatializing 

a simple crop model. The approach taken was to downscale predictions by defining within-field 

calibration zones. This work has generated new knowledge on the way to increase the resolution of the 

spatialized crop models at the within-field scale. The objective of this downscaling method is to improve 

cultural practices towards more sustainable ones in a precision agriculture context. Thus, while spatial 

calibration appears to be relevant in certain situations, considerably more research, particularly using 

sensitivity analysis related to key data characteristics is still need to better understand this novel 

approach to crop model downscaling using a spatially constrained calibration process. Data assimilation 

also represents a real, alternative approach to crop model spatialization and further research should also 

explore the potential for coupling spatial calibration with data assimilation approaches. 
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3.3. General conclusion of the chapter 

The purpose of the research work presented in this chapter was to investigate the relevance of using a 

spatial calibration approach to optimize the spatialized crop model performances. The spatial calibration 

proposed here was used as a downscaling method to spatialize WaLIS predictions. This method allowed 

to identify which modeling scale was the most relevant to apply WaLIS at the within-field scale on our 

study. The spatial calibration approach is presented as a downscaling method, i.e. as a way of using tools 

and data differently for modeling at the within-field scale. However, this downscaling method is 

relatively different from usually downscaling processes used to spatialize climatic models (e.g. 
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correction algorithms). In that study, using SBA score was appropriate because it involved comparing 

modeling scales for each simulated vineyard, which correspond to the intent of the SBA score. However, 

regarding the limits highlighted in Chapter 2, interpretation of SBA was completed with RRMSE to 

have a more common interpretation of the aspatial error within spatialized WaLIS outputs. 

 The results of this chapter revealed the relevance of applying a spatial calibration approach 

based on the specific characteristics of the considered agronomic variable such as its spatial 

structure/pattern, its variability, and its correlation with ancillary data used for delineating calibration 

zones at within-field scale. The results indicated that spatial calibration approach improved the crop 

model performances compared to a classical calibration approach (at field or site scale), especially when 

the agronomic variable exhibited a strong spatial structure with a high correlation with the simulated 

ancillary data. Using either a classical calibration approach or spatial calibration approach was in most 

cases equivalent (especially for agronomic variable with low variability). However, a specific attention 

should be paid when agronomic variable is highly variable and the spatial structure is moderate or weak. 

In this case, spatial calibration could significantly deteriorate crop model performance compared to a 

classical approach. As a result, a classical calibration approach should be preferred in such cases. 

Beyond the results related to relevance of using spatial calibration approach, the methodology to 

simulate data from already measured data represent a result too. Indeed, it was really challenging to 

simulate at the same time both desired spatial structure and a temporal consistency to ensure a realistic 

dataset. The temporal consistency constrained to use already measured data and assumed that the 

evolution of the temporal profile of each measured sites were spatially independent. Moreover, dataset 

for studies at the within-field scale for precision agriculture purposes can be time-consuming and 

expensive to realize. Thus, this method represents a potential to make profitable any dataset already 

measured to create new field(s) for demonstration without carrying other measurement campaigns. 

 In this work, only 49 points of measured data were available to spatially calibrated WaLIS at 

the within-field scale. Simulated ancillary data were computed on the same measurement locations, as 

it was the case for some ancillary data in the real data set to be the closer from a real study. Thus, 

limitations on the measured data for the calibration were also affecting the delineation of the within-

field zones necessary for the spatial calibration. Indeed, this number of points can be a limitation to 

delineate reliable calibration zones. These ancillary data from the real case study corresponding to time-

consuming measurements. Thus, this limitation was probably a brake to the augmentation of measured 

data allowing them to a better spatial calibration. High-resolution sensor data represent a real 

opportunity to manage this limit on the condition of having enough observations describing each 

calibration zone to be able to correct the individual measurement error of each sensor data. For that 

reason, number of delineated calibration zones considered for that study was between 2 and 5 zones. 

Indeed, regarding the number of available data for the calibration and the size of the vineyard (1.2 ha), 

more delineated zones could lead to more stochastic error. Increasing the number of calibration zones 

to 10 or 20 (has it was made in Chapter 4) would have tended to site scale calibration performances. For 

modalities with structured characteristics, this could deteriorate performances, as it was the case for 

classical calibration at the site scale. However, for modalities with moderate spatial structure, spatial 

modeling scale between 5-zone scale and site scale could have better performances (as the spatial pattern 

might be more fragmented). However, based on the simulated ancillary data, the segmentation algorithm 

was not able to make more than 5 zones. This assumption on spatialized crop model for these modalities 

were not possible and are thus only suppositions. Thus, the number of zones that appeared to make most 

sense should be minded on a trade-off between field size and number of measurements (data available 

for the within-field delineation and calibration). 

 This presented work highlighted an important point regarding the methodology concerning the 

use of ancillary data and delineated within-field zones. A selection of the most relevant ancillary data 

should be carefully made. Here, only one ancillary data was used due to consistency in simulating data 

set. However, using several ancillary data should be preferred for delineation of the whole field. This 
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approach could be beneficial, especially regarding the potential temporality of the generated within-field 

zones. Encompassing the spatiotemporal characteristic of the field variability is not a trivial process and 

is still a huge scientific domain of research for decades. Segmentation algorithm should also be carefully 

selected. Two important aspects of the selected algorithm are based on the consideration of the spatial 

characteristic to have a spatial consistency at within-field scale and its performance to have a reliable 

segmentation even with small data set or for a small field. Obtaining high-resolution data could allow 

to increase segmentation algorithm performances and increase spatial calibration relevance. 

Moreover, the selected parameters identified to be spatially variable at the within-field scale 

also have a role to play in the relevance assessment of delineated zones. Indeed, an important question 

related to the spatialization of existing crop models is the reliability to use them at the within-field scale. 

The proposed spatial calibration method is based on within-field zones and the calibration of certain 

crop model parameters at these spatial zone scales. However, the relevance of these delineated zones is 

mainly based on the parameters considered as having a significant spatial impact, i.e. likely to vary at 

the within-field scale and having an impact on spatialized crop model outputs. More research should be 

led on the parameters considered as spatial parameters to spatialize crop models. This could be made by 

carrying sensibility analysis for instance to optimize the parameters selection and thus increase crop 

spatialized crop model performances. 

Resolution of the measured data to calibrate the crop models could be coarser than the delineated 

zones that can lead to calibration inconsistencies. Increase of sensors and probes use at the within-field 

scale for precision agriculture will allow to obtain more data with a finer resolution to improve 

spatialized crop model performances. High-resolution sensors are usually affected by a higher stochastic 

error and the higher number of measurements that give a better representation of the considered variable 

spatial patter often overcomes this drawback. However, depending on the within-field zone size, the 

stochastic error at the individual location of these sensors could significantly deteriorate the spatialized 

crop model performances if not enough sensors can be aggregated for the considered calibration zones. 

This could finally lead to an unbalanced performance according to the zones of calibration for a 

considered modeling scale.
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Chapter 4 

 

Simulation scale impact on the relevance of 

utilizing downscaled spatialized crop models at 

the within-field scale 
 

 

4.1. Intention note 

Mechanistic crop models are used by a large range of practitioners, from the agronomic community to 

the policy-makers, and are applied over a diverse range of applications. These applications range from 

technical applications directly linked with cultural practices, e.g. nutrient fertilization (Cornet et al., 

2022; Goffart et al., 2008), irrigation scheduling (García-Vila and Fereres, 2012; Mairech et al., 2021) 

and pest management (Rasche and Taylor, 2019); to the prediction of climate change impact on major 

crops to select the best modes of adaptation to face this challenge across the world (Ewert et al., 2015; 

Rosenzweig et al., 2013). A diversity of potential uses has also lead to a diversity in the development of 

crop model types, as there is no single model type that is suitable for all uses. Most of the currently used 

crop models were originally designed for crops of worldwide interest, especially cereal crops that are 

essential to feed the world’s population (Silva and Giller, 2020). The importance of these models for 

scenario testing around food security issues and the interest in developing these crop models has 

deepened over the last decades. As a consequence of this, the crop modeling community has invested a 

lot of time and knowledge in improving several large crop models to make them more efficient over a 

variety of different key crop types and, as a result, usually more complex too. On the opposition, for 

many other crops or agricultural systems that are much more specific in their cultivation and agronomy 

(e.g. tuber or and root crops, tropical crops, perennial crops), there has been a trend to develop more 

simplistic, crop-specific models. These less complex crop models are generally used in a more specific 

context, which is more focused on understanding a specific biophysical process associated with 

production, rather than being applied to understand the impact of climate change on crop production at 

worldwide scale for instance. 

In this manuscript, a complex crop model corresponds to a crop model with several tens of 

parameters and several coupling modules. For instance, the STICS (Brisson et al., 2003, 2002, 1998), 

DSSAT (Hoogenboom et al., 2021, 2019; Jones et al., 2003) and APSIM (Holzworth et al., 2014) models 

are among these complex crop models. The complexity of these crop models demands high-quality input 

data to permit an accurate and reliable modeling performance (Pasley et al., 2023). For strategic 

applications based around hypothesis testing and scenario testing in potential futures, input data can be 

managed to achieve the desired level of input quality. However, if the objective is to model an agronomic 

variable at the field or the within-field scale for tactical, in-season management purposes, then the input 

data needs to be derived from the target agro-ecosystem. Obtaining high quality data from local, 

agricultural production systems is not always possible and the stochastic error associated with in-field 

observations may be problematic for model operation. Moreover, the complexity of these crop models 

also generates a complexity of interactions among the model equations that describe the bioprocesses 

related to the soil-plant-atmosphere. The general understanding of the effect of introducing ‘noisy’ data 

into these complex crop models is limited, especially for processes modeled at a finer scale than the 

native spatial footprint of the model (Porwollik et al., 2017). Improving the understanding of this effect 
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is of important interest for the agronomic and modeling communities that wish to adapt crop models for 

short-term, tactical, management uses. 

Despite the general lack of knowledge of crop model performance at finer spatial scales with 

lower quality input data, there is a working assumption that the scientific knowledge embedded in these 

existing complex crop models, and the development and knowledge gained from running the models, 

could be taken advantage of by practitioners to support more efficient, site-specific, crop production 

practices. The hope is that crop models can be modified for production uses at different spatial scales 

without the need to fundamentally redeveloping new ‘spatial’ crop models. Following on from the 

research work presented in previous chapters, the consideration of the spatial patterns of the predicted 

agronomic variable seems to be of primary interest when using downscaling crop models for tactical, 

within-field decision-making. Therefore, a working assumption arising from the previous chapters is 

that a spatial calibration approach is also a relevant downscaling method for complex crop models to 

predict the spatial patterns of an agronomic variable of interest. 

The work presented in this chapter aims to aggregate all the previous knowledge realized in the 

PhD project and to apply the concepts and methods detailed previously in this thesis on a real case study 

involving a complex crop model. Thus, this chapter is less theoretical than previous chapters. However, 

as the proposed methods are still under experimentation and to be improved. This this work was carried 

out during a scientific exchange at Aarhus University in Denmark (Tjele). 

The following chapter present a research work to study the behavior of a complex crop model, 

modified by a downscaling method to simulate an agronomic variable at the within-field scale and to 

see if there is an opportunity to use the model predictions in precision agriculture. This work is based 

on real data from a durum wheat experimental field. The aim was to model the durum wheat yield at the 

within-field scale by using a spatial calibration approach as downscaling method on APSIM as a 

complex crop model. 

4.2. Downscaling the APSIM crop model for simulation at the within-

field scale 

4.2.1. Details about the paper 

4.2.1.1. Title and publication information 

This section was published in Agricultural Systems as a scientific review in September 2023. The full 

citation is: 

Pasquel, D., Cammarano, D., Roux, S., Castrignanò, A., Tisseyre, B., Rinaldi, M., Troccoli, A., Taylor, 

J.A., 2023. Downscaling the APSIM crop model for simulation at the within-field scale. Agric. Syst. 212, 

103773. https://doi.org/10.1016/j.agsy.2023.103773. 
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4.2.1.3. Abstract 

Most crop models are designed for point-based modeling and to simulate agronomic variables on their 

native spatial footprint, i.e. typically as a uniform field-scale value. Precision agriculture needs crop 

model simulations at sub-field scales to support differential management application. Spatialization 

processes are used to change the simulation scale of crop models. The objective of this study is to 

investigate the spatialization of a complex crop model by using a spatial calibration approach to modify 

its native spatial footprint and to evaluate if it is relevant to use this kind of crop model at the within-

field scale. APSIM was spatialized to simulate durum wheat yield at different spatial scales (field, 

within-field and site-scale) on an experimental field under Mediterranean conditions in southern Italy. 

Ancillary soil data were used to derive potential management (modeling) zones at different scales, which 

were then used to spatially calibrate soil and biomass parameters in APSIM to spatially predict yield in 

two different production years (one year was used for calibration and the other for evaluation). 

Spatialized crop model performances were evaluated using the spatial balanced accuracy (SBA) score, 

a metric to evaluate the global preservation of patterns between maps. The spatial structure of the yield 

data influenced the effectiveness of the spatial calibration process. When the agronomic variable (durum 

wheat yield) was spatially structured, a spatialized APSIM approached performed best (5-zone modeling 

scale, SBA = 0.17) and outperformed the field-scale (native footprint) model (SBA = 0.19). In contrast, 

when the target agronomic variable was more random (less spatially structured), the uniform field-scale 

modeling performed best and spatial calibration had no benefit. The spatialized APSIM performances 

were mainly based on the reliability of the delineated zones that undeniably affected the quality of the 

spatialized model outputs. Thus, more research is needed on how best to model scale-dependent 

processes to have more reliable modeling at the within-field scale. Based on the example of a complex 

crop model like APSIM, this study showed that spatial calibration can be effective and has a role to play 

in the spatialization of complex crop models. 

4.2.1.4. Graphical abstract 

4.2.1.5. Keywords 

Spatialization, Precision agriculture, Spatial calibration, Durum wheat yield 

4.2.2. Introduction 

Precision agriculture (PA) represents an opportunity to use site-specific management to increase input 

efficiency and reduce agriculture’s environmental footprint (Khanal et al., 2017; van Evert et al., 2023). 
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In this context, spatial decision support tools (DSTs) are important to help farmers to adapt their cultural 

practices in a spatially and temporally uncertain environment to increase resource efficiency and 

maximize sustainability in time and space (Jones et al., 2017a). Crop models, especially mechanistic 

crop models, can be useful DSTs because they can take into account various variables (e.g. climatic 

conditions, soil properties, management options) that affect production. For this reason, mechanistic 

crop models are widely used to simulate various ‘what-if’ scenarios and to describe and understand how 

some factors (e.g. environment, weather conditions, etc.) may affect crop growth and development. 

Most existing crop models simulate agronomic variables (e.g. wheat yield, vine water status, 

fruit nutrient content) on their native spatial footprint, i.e. the spatial footprint on which they were 

initially designed (e.g. plant, field, region scale) (Pasquel et al., 2022a). Crop models in current use are 

generally designed for modeling at the field-scale and they simulate agronomic variables by using 

homogeneous (average) field conditions (You et al., 2022). Even if the modeling is at the field-scale, 

such models are referred to as point-based models because they simulate agronomic variables at a 

specific spatial scale over a spatial footprint that is considered a homogeneous spatial modeling unit 

(Heuvelink et al., 2010). However, simulating agronomic variables at the field-scale is no longer 

sufficient to tackle the issues arising in the agronomic and modeling communities related to PA 

applications. The incorporation of crop models into PA applications is shifting the use of crop models 

from long-term strategic uses to short-term in-season tactical (and spatial) uses. Spatialization processes 

are used to change the simulation scale of crop models (Pasquel et al., 2022a). The concept of 

spatialization is not new and has previously been well defined by Faivre et al. (2004) in order to be able 

to use crop model at scales other than their native spatial footprint, particularly at larger scales to predict 

at regional, national and global scales. The use of these crop models in PA assumes a spatialization 

process that simulates agronomic variables at a finer scale than the field-scale. This way of modeling at 

the within-field scale for PA will be directly related to the spatial pattern of the agronomic variable. 

Therefore, the relevance of using such crop models at finer spatial scales will be dependent of the 

considered agronomic variable and its spatial distribution. 

Many studies, mostly linked to the impact of climate change on crop production, have used crop 

models at a larger scale than their native spatial footprint. Thus, the most common form of crop model 

spatialization has been achieved by using upscaling methods to simulate agronomic variables at regional, 

national or even international scales (Asseng et al., 2018; Challinor et al., 2009; Villa et al., 2022). Most 

upscaling methods of applied crop models are performed on a defined grid and the crop model is run 

using the grid points (or pixels) as the modeling unit. Each modeling unit is individually calibrated 

(Hochman and Horan, 2018; van Ittersum et al., 2013). In crop-climate ensemble model studies, 

approximately half of the studies have used an upscaled data aggregation crop model approach, even if 

these crop models were initially designed at the field scale (Challinor et al., 2017). Others studies, using 

statistical crop models based on historical datasets, have aimed to upscale crop models to larger spatial 

scale (e.g. national scales) to predict the impact of climate change on crops (Lobell et al., 2008). In 

contrast, there have been very few studies investigating crop model uses on spatial scales smaller than 

their native spatial footprint, i.e. downscaled crop modeling processes. Despite this, the spatialization of 

crop models at a within-field scale is of great interest for PA purposes to both model and manage within-

field spatial variability. 

Within-field spatial variability is well-known to be highly significant to production and is caused 

by local interactions between several spatially variable biotic (e.g. pests, soil microorganisms) and 

abiotic (e.g. soil properties, weather conditions, anthropogenic consequences, topography) factors 

(Corwin and Lesch, 2005). Within-field production variability can be mapped by remote and/or 

proximal sensing data (Jin et al., 2018; Weiss et al., 2020; Zhang and Kovacs, 2012). To tackle spatial 

variability, fields can be divided into within-field management zones, i.e. sub-field areas that tend to 

have more homogenous production characteristics. Commonly in these studies, observed data are 

aggregated at a selected within-field zone scales. Some studies have spatialized crop models by 
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downscaling processes based on this management zone concept (Basso et al., 2001; Cammarano et al., 

2021; Leo et al., 2023), which are also known in modeling terms as ‘functional units’ (Launay and 

Guerif, 2005). In this approach, the intent is to model a zonal response. The same kind of approach, by 

segmenting the modeling extent by simulation zone partitioning, has also been applied on upscaling 

studies at larger spatial scales than the native spatial footprint of existing crop models (Guo et al., 2018; 

Zhuo et al., 2022). Of the published works in this area, most have focused on data assimilation 

approaches, whereby observed spatial data sets are used to update or replace intermediates/variables 

within the model (Jin et al., 2018). A common example of this is the use of remotely sensed imagery as 

a surrogate for LAI (or biomass/vigor) within a crop model (Hu et al., 2019; Huang et al., 2019; Jin et 

al., 2018). Alternatively, ancillary data could be used within a spatial calibration approach to locally 

correct/adjust model parameters. The aim of spatial calibration is to calibrate model parameters that are 

likely to vary spatially based on the delineation of within-field zones that are representative of the spatial 

pattern of the agronomic variable. This can be done using in-season information using a data assimilation 

approach or, in a more classical sense, spatial calibration could be performed a priori (pre-season) using 

historical data sets. In either case of spatial calibration, the spatial pattern is hypothesized to determine 

the number of delineated within-field zones on which to perform the spatial calibration. 

Spatial calibration studies performed a priori are much less common than forcing data 

assimilation studies, but they have the advantages of allowing the production to be modelled (and 

potentially managed) from day one of the season. This is in contrast to data assimilation approaches that 

need crop development and data collection/processing to occur before the data assimilation and crop 

model spatialization can be performed. One previous study of downscaling by the spatial calibration of 

crop model parameters using historical (rather than in-season data) was effectively performed on a 

relatively simple crop model (Pasquel et al., 2022b), WaLIS (Celette et al., 2010). The WaLIS model is 

a simple model to simulate water partitioning between the vine and cover crop using water balance 

equations and vine and cover crop growth equations. However, the most commonly used crop models 

in agriculture are more detailed and complex than WaLIS, involving more equations and inputs to better 

account for atmosphere-soil-plant water movements and crop physiology (Soltani and Sinclair, 2015). 

Examples of such models include STICS (Brisson et al., 2003, 2002, 1998), DSSAT (Hoogenboom et 

al., 2021, 2019; Jones et al., 2003), APSIM (Holzworth et al., 2014), AquaCrop (Hsiao et al., 2009; Raes 

et al., 2009; Steduto et al., 2009), WOFOST (de Wit et al., 2019), MONICA (Nendel et al., 2011) or 

Daisy (Abrahamsen and Hansen, 2000; Hansen et al., 2012, 1991). To date, to the authors’ knowledge, 

there has been no published work on how a spatial calibration approach to downscaling would (or could) 

perform with these complex mechanistic crop models at the within-field scale. The spatial calibration 

approach advocated previously by Pasquel et al. (2022b)  ran the spatialized crop model on a modeling 

unit by modeling unit scale while maintaining a spatial consistency at the within-field scale through the 

delineation of within-field zones. Thus, Pasquel et al.'s (2022b) approach  to spatial calibration was not 

at a predefined grid/pixel size, but informed by the zoning of existing and relevant data. The transfer of 

this approach to a much complex crop model using real-world data for validation represents one of the 

main innovation of this study. 

Most crop models, whether simple or complex, are based on the assumption that the model 

parameters are homogenous over the spatial footprint that they are run on, regardless of the spatial scale. 

All model parameters exhibit no spatial variability, i.e. they are aspatial parameters, regardless of the 

type of model parameter. Moreover, they are commonly tested at the field-scale (Zhen et al., 2023). 

Thus, in a PA context, it is important to test the relevance of these crop model assumptions when applied 

at the within-field scale. For instance, if the same wheat cultivar is sown in a field, model plant 

parameters are not expected to change spatially. However, other model parameters relating to water and 

energy balances or soil dynamics, which are known to be spatiotemporally variable, would be expected 

to change spatially. The objective of this study is to investigate the spatialization of a complex crop 

model by using spatial calibration to modify crop model resolution (spatial footprint) for PA purposes. 

The crop model APSIM was selected for this study because it is a well understood model among the co-
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authors and meets the above requirements of being a more detailed and complex crop model. This is 

realized by (i) using ancillary data and a segmentation algorithm to delineate within-field zones, and (ii) 

spatially calibrating certain model parameters at different resolutions defined by these within-field 

zones. The purpose is to better understand how a complex crop model responds to such a spatialization 

process (i.e. spatial calibration) and whether within-field scale modeling is relevant using a spatially 

calibrated crop model. This study represents an exploratory and preliminary work to understand how a 

complex crop model could work regarding a change in spatial modeling scale. 

4.2.3. Material and Methods 

4.2.3.1. Site description and collected data 

A 12 ha experimental field of CREA (Research Centre for Cereal and Industrial Crops), near Foggia 

(41.462°N N, 15.506°E), south-eastern Italy was used in this study. This site has previously been used 

for comparing the performance of crop models under conditions of varying within-field soil properties 

in Wallor et al. (2018). Briefly, data in the original study were collected over three production seasons 

(2005-2006, 2006-2007 and 2007-2008) with durum wheat (Triticum durum Desf. cv. Gargano) grown 

in all three seasons. However, the 2006-2007 year was drought affected (poor subsoil moisture at the 

start of the season and low rainfall during the crop season) with very low yields recorded. Since 2006-

2007 was atypical, the decision was made not to use these data in this study. The rationale for this was 

that the production conditions in 2006-2007 were likely to be at the limit or beyond that for which the 

APSIM model was designed. It is not a drought model. Spatialization of a model operating under known 

sub-optimal conditions was considered to be of little value as the source of any errors and effects would 

be ambiguous, i.e. would an observed effect in 2006-2007 be caused by modeling under drought 

conditions or by the model spatialization? For the other two years, meteorological conditions were 

typical of a Mediterranean climate, i.e. hot and dry summer (May to September) with precipitation 

concentrated in the autumn-winter period that coincides with cool-cold temperatures (October to April). 

Precipitation (P), minimum and maximum temperatures (Tmin and Tmax respectively) and solar radiation 

(Srad) were recorded daily at a weather station 300 m from the experiment field (Figure 4.1). Rainfall 

patterns of both growing seasons were different and 2007-2008 was identified as a drier growing season. 

The experimental field is located on a wide plain (‘Tavoliere’ that means flat table) so weather 

conditions were assumed to be homogeneous over the whole field. Management practices for the two 

considered years are reported in Table 4.1 and were applied uniformly on the whole field (see Wallor et 

al. (2018) for more details). Phenological stages were recorded for each year at seedling growth, 

tillering, flowering and ripening. Site-specific yield was recorded for each harvest using a John Deere 

combine equipped with a yield monitoring system that was calibrated prior to harvest. For these two 

production seasons, the mean harvested yields were similar, but they exhibited different spatial 

structures (Figure 4.2). In 2005-2006, the yield was spatially structured within-field, while in 2007-

2008, it was more random across the whole field, as shown by the shape of variogram model as pure 

nugget effect (Figure 4.2d). The soil is a deep silty-clay Vertisol of alluvial origin, classified as a Fine, 

Mesic, Chromoxerert (IUSS Working Group WRB, 2015). Lateral water redistribution at the within-

field scale was assumed to be negligible in this flat landscape. Soil properties were measured within-

field at 100 optimized georeferenced sites in order to obtain an even spatial distribution (Buttafuoco et 

al., 2010) (Figure 4.3A). For this study, only the values of crop lower limit (CLL) and drained upper 

limit (DUL), resulting from texture measurements on the shallow soil layer (0-0.2 m) and computed 

using a pedotransfer function (Hollis et al., 2012), along with measured soil organic carbon (OC), at the 

same 100 locations and at the same depth, were used. Aboveground biomass and soil water content 

(TDR measurements) were measured at each of the 100 measurement locations, each year, at harvest 

and during the growing season. 
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Figure 4.1 Daily precipitation, air temperatures (maximum = red lines and minimum = blue lines) and 

solar radiation for (a.) 2005-2006 and (b.) 2007-2008 growing seasons for the experimental field. Purple 

dashed lines correspond to the mean temperature over the years 2005-2006 and 2007-2008. Respectively 

for 2005-2006 and 2007-2008 growing seasons, cumulative rainfalls were 510.4 mm and 429.2 mm, 

mean solar radiation was 14 MJ/m² and 14.2 MJ/m² and mean temperatures were 14.7°C and 13.5°C. 

 

 

Table 4.1 Crop practices of the experimental field used as management information for the modeling. 

Adapted from Wallor et al. (2018). 

Date Crop practice 

2005-2006  

30.10 Ploughing (0.40 m) 

13.11 Disc-harrowing (0.15 m) 

07.12 Disc-harrowing (0.15 m) 

15.12 Sowing winter wheat (cv. Gargano) + fertilization with ammonium 

phosphate (30 kg N/ha) 

20.02 Fertilization with ammonium nitrate (60 kg N/ha) 

26.06 Harvest winter wheat 

  

2007-2008  

14.12 Sowing winter wheat (cv. Gargano) + fertilization with ammonium 

phosphate (30 kg N/ha) 

28.02 Fertilization with ammonium nitrate (60 kg N/ha) 

05.07 Harvest winter wheat 
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Figure 4.2 Durum wheat yield characterization. (a.) Distribution of yield values recorded by yield 

monitor system at harvest, mean yield in 2005-2006 and 2007-2008 were respectively 3.0 t/ha and 2.8 

t/ha. (b.) Experimental and theoretical variogram of durum wheat yield in 2005-2006, yield is spatially 

structured at within-field scale. (c.) Durum wheat yield map in 2005-2006. (d.) Experimental and 

theoretical variogram of durum wheat yield in 2007-2008, yield exhibits no spatial structure at the 

within-field scale as shown by the shape of variogram model as pure nugget effect. (e.) Durum wheat 

yield map in 2007-2008. 

Figure 4.3 Experimental field with A. Location of 100 measurement sites at within-field scale. B. 

Interpolated maps of (a.) apparent soil electrical conductivity in horizontal mode (ECaH) and (b.) in 

vertical mode (ECaV) using inverse distance weighting. 
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A soil apparent electrical conductivity (ECa) survey was performed in 2010 using an 

electromagnetic induction ground conductivity meter (EM38DD, Geonics, Ltd, Ontario-Canada). The 

ECa was simultaneously measured in two polarization modes that explored different depths depending 

mostly on soil moisture conditions and textural properties (Sudduth et al., 2001). The EM38DD was set 

up to provide a depth of exploration equivalent to the topsoil layer in the horizontal mode (ECaH, 

maximum ECa sensitivity at 0-0.10 m) and to the expected, typical rooting depth in the vertical mode 

(ECaV, maximum ECa sensitivity at ~0.40 m depth) (Figure 4.3B). 

4.2.3.2. APSIM and modeled durum wheat yield 

Durum wheat yield was modeled using the crop model Agricultural Production Systems sIMulator - 

APSIM 7.14 (Holzworth et al., 2014)through the apsimx R package (Miguez, 2022) in R 4.2.0 (R Core 

Team, 2022). APSIM required soil properties as input for different soil layers, and for this study it was 

decided to define soil input up to a depth of 2 m (for the entire soil profile). However, observed soil 

properties were only available for the first 0.20 m. Therefore, subsoil soil properties needed to be 

estimated. To do this, the soil profile was first divided into seven layers to ensure the correct functioning 

of the ground modeling (Figure 4.4). A pedometrics approach was used to model soil hydraulic limit 

(SHL) values, i.e. air dry moisture content (AD), lower limit soil moisture at -1.5 MPa (LL15), crop 

lower limit (CLL), soil water (SW), drained upper limit (DUL) and soil water at saturation (SAT) at 

each layer from the topsoil observations (Figure 4.4). In particular, SHL values at each measurement 

site profile were estimated from the observed topsoil measurements and known SHL shapes for Vertisol 

soils described in (Dalgliesh et al., 2016) in order to initialize model parameters. The SW for each layer 

i was calculated from the modeled CLL and DUL of each layer using Eq. 4.1. 

SWi = 0.25 × ASWi = 0.25 × (DULi − CLLi)      (4.1) 

where SWi, ASWi, DULi and CLLi are respectively the soil water, the available soil water, the drained 

upper limit and the crop lower limit for the ith layer. 

 

 

 

 

Figure 4.4 Example of a general soil 

profile shape for soil water properties 

used to model durum wheat yield with 

APSIM for one of the considered 

measurement sites. Right-hand side 

numbers refer to the soil layer number. 

Lines refer to soil hydraulic limits: AD = 

air dry moisture content, LL15 = lower 

limit soil moisture at -1.5 MPa, CLL = 

crop lower limit, SW = soil water, DUL 

= drained upper limit and SAT = soil 

water at saturation. Each point refers to 

the soil hydraulic limit value for the 

corresponding layer in volumetric water 

content. 
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4.2.3.3. Spatial calibration of APSIM 

Calibration of soil and plant parameters was performed independently on each considered production 

year and evaluated on the other year as explained in Section 4.2.3.4. Weather data, soil information, 

initial soil water, nitrogen content and agronomic management practices were used as input for the 

calibration. APSIM was spatialized by using a downscaling approach that mainly involved spatial 

calibration, by defining within-field zones using ancillary data and identify which parameters could be 

spatially calibrated. The high-resolution soil sensor data, ECaV and ECaH data, were used together for 

delineating within-field zones (minimum of 2 and maximum of 20) using a segmentation algorithm 

(Pedroso et al., 2010) with the GeoFIS R package (Guillaume and Lablée, 2022). Default settings were 

used with the segmentation algorithm. Both ancillary data were correlated to durum wheat yield so they 

could potentially explain the yield variability. Following the zone delineation, the different spatial scales 

which were considered for the calibration and the evaluation in this study were: 

(i) the measurement sites scale (n = 100); 

(ii) several within-field zones (z ∈ [2;20]) (Figure 4.5); 

(iii) and the whole field (equivalent to a one zone solution), i.e. the APSIM native spatial 

footprint. 

For scales higher than the site-scale, data were aggregated at the different zonal scales by 

averaging the observations located within each individual zone. For all performance assessments, the 

output scale was disaggregated to the measurement site-scale to evaluate the modeling performance 

(Figure 4.6). However, some parameters were calibrated with the same value regardless of the of spatial 

modeling units, i.e. these parameters were fixed whatever the modeling scale. For instance, this is the 

case for the cultivar parameters (related to phenology), because it was the same sown cultivar under the 

same climatic conditions. 
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Figure 4.6 Different modeling scales of durum wheat yield using APSIM from site measurement 

observation scale, intermediate within-field scales (2 to 20 zones) defined with ancillary data related to 

soil characteristics up to the whole field scale. The APSIM’s native spatial footprint is shown in blue 

and corresponds to the field scale. Measurement site-scale corresponds to the original observation scale. 

The grey arrows correspond to the upscaling process associated with aggregations of the observed data 

to a higher spatial scale as model input. The spatial calibration is performed at this input scale. 

 Spatial calibration was performed through several spatial and aspatial steps (Figure 4.7) to adjust 

(1) the observed phenology stages with the modeled phenology stages, then (2) the observed soil water 

content with the modeled soil water content, then (3) the observed biomass with the modeled biomass 

and then (4) the observed yield with the modeled yield. These steps were selected to match with de Wit’s 

concept (van Ittersum et al., 2003) of crop growth modeling, i.e. calibrating first phenology, constraints 

related to light, temperature and crop genetic and then stresses related to soil water content. This 

calibration methodology based on expertise was also applied to others studies on crop modeling 

particularly because it helps complex optimization which can be too difficult with lots of local optima 

(Seidel et al., 2018; Wallach et al., 2021). Calibration of the aspatial parameters assumed that parameters 

were constant over the field regardless of the number of within-field zones/sites (e.g. cultivar 

parameters). Calibration of spatial parameters assumed the parameter values could be different in the 

within-field zones or at the measurement sites (e.g. soil parameters). 

First, cultivar phenology parameters were adjusted to match the observed phenology stages with 

the modeled phenology stages. As only one cultivar (Gargano) was sown, the phenology was assumed 

to be homogeneous over the field and corresponded to an aspatial calibration (Figure 4.7a.). Secondly, 

the soil water content was calibrated spatially by modification of the SHL values. The CLL and DUL 

values on the first layer (0-0.05 m) were estimated directly from the observed soil texture measurements 

related to the plant available water capacity. Calibration was used to determine CLL and DUL values 

for the other layers (2nd to 7th) and also the values of other SHLs (AD, LL15, SW, and SAT) for the 

whole soil profile (Figure 4.7b.). This spatial calibration tended to conserve the global shape of the local 

soil profile (example described in Figure 4.4) for each site. Thirdly, biomass was calibrated by adjusting 

spatial and aspatial model parameters. Aspatial calibration was related to cultivar parameters considered 

homogeneous over the whole field (Figure 4.7c.). However, the biomass was not considered 

homogeneous at the within-field scale since it may depend on water and nutrient availability in the field 

(Mon et al., 2016). Thus, parameters not related to potential biomass but to water stress affecting its 

expansive growth needed to be calibrated spatially (Figure 4.7d.). 
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Figure 4.7 Calibration steps followed for the spatial calibration of APSIM. Cultivar parameters were 

not spatially calibrated, whereas the other parameters were spatially calibrated. Italic parameters 

correspond to APSIM input parameters. SHL: soil hydraulic limits, PAW: plant available water, KL: 

fraction of plant available water able to be extracted, DUL: drained upper limit. 

As a first approximation to account for biomass variability, the fraction of plant available water 

able to be extracted (KL) in the model was considered to be the main driver of the biomass. Before this 

calibration step, four classes of soil KL (A, B, C and D) were defined that were considered representative 

of the soil profiles with increasing extractable water from A to D (see Supplementary Figure S.B1). The 

KL was spatially calibrated by assigning the different soil profiles (in the case of the site-specific 

modeling) or a zonal mean soil water profile to one of these four classes. Calibrating KL this way was 

a first approach to account for spatial soil moisture variability in the field. Finally, yield was calibrated 

by again adjusting the aspatial cultivar parameters in terms of grain number size (Figure 4.7e.) and then, 

in a similar way as to the KL calibration, three soil DUL classes (1, 2 and 3) were specified and spatially 

adjusted (Figure 4.7f.) to correspond to different available soil water regimes (see Supplementary Figure 

S.B2). KL and DUL were chosen to be spatially calibrated because a previous study (Basso et al., 2009) 

showed that subsoil constraints (especially soil water retention properties) were the main factors 

impacting spatial structure in this field. All calibrated and estimated parameters needed as APSIM inputs 

are shown in Table 4.2. Note that in order to ensure a consistency of the calibrated parameters, 

calibration was carried by an optimization of the value of each parameters previously cited. The 

optimization was made as objective as possible by finding the best combination of values that resulted 

in the best calibration results from an expert-defined value domain range for each parameters, i.e. the 

optimum values were found by exhaustive search in a grid of values with physically consistent bounds. 

The possible domain range used for each parameter was consistent regardless of the modeling scale. 

This procedure aimed to be a relevant approach to following and testing the calibration method whilst 

maintaining logical values for the parameters that were describing the underlying biophysical processes. 

For each of these calibration steps, the root mean square error of calibration (RMSEC) (Eq. 4.2) 

was used to determine the optimal value of the target model parameter by comparing the observed and 

modeled parameter values. 

RMSE𝐶 = √
1

n
∑ (yi − ŷ𝐶.i)²n

i=1      (4.2) 

where yi is the observed value, ŷC.i is the corresponding modeled value for the calibration and n is the 

number of observations. 
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4.2.3.4. Model output evaluation 

To test the temporal stability of the spatial calibration, APSIM performance was tested for the different 

spatial scales in two distinct cases: (i) calibration on 2005-2006 data and evaluation on 2007-2008 data 

and, (ii) the inverse, with calibration on 2007-2008 data and evaluation on 2005-2006 data. Note that 

both seasons were dissimilar in weather conditions and grain yield production. The cultivar parameters 

were calibrated differently for both cases because having only 2 years of data was not enough to estimate 

the general parameters of this cultivar under these climatic conditions. Thus, cultivar parameters were 

calibrated individually for both cases to better match the predicted yield. To evaluate APSIM 

performance, durum wheat biomass and yield were qualitatively evaluated from the maps and 

quantitatively evaluated using two metrics: root mean square error of prediction (RMSEP) (Eq. 4.3) to 

evaluate prediction performance and spatial balanced accuracy (SBA) (Eq. 4.4) to evaluate simulation 

performance accounting for spatial relevance. 

RMSE𝑃 = √
1

n
∑ (yi − ŷE.i)²n

i=1      (4.3) 

where yi is the observed value, ŷE.i is the corresponding modeled value and n is the number of 

observations. 

The SBA is a specific metric for spatialized crop models (Pasquel et al., 2023b) calculated by 

assessing both aspatial and spatial pattern errors. Thus, SBA is able to identify which simulation scale 

is the most relevant for modeling an agronomic variable (durum wheat yield here) using a given model 

(APSIM) and a given downscaling process (spatial calibration of selected model parameters). 

SBA =
1

100
∑ [1 − BA(Ot(O,M,q), Mt(O,M,q))]100

q=1     (4.4) 

where O and M are respectively the observed and modeled maps, Ot(O,M,q) and Mt(O,M,q) are respectively 

the observed and modeled maps at threshold level t(O,M,q) that is defined relative to percentile q on the 

merging data distributions of O and M. 

The closer SBA is to 0, the better the agreement between the observed data and output from the 

spatialized model. Note that in the spatial calibration step this metric was not used to determine the 

spatialized model parameters (only RMSEC was used). However, the SBA scores for biomass and yield 

maps were calculated during the calibration process to provide a greater understanding on how the 

calibration was affecting the spatialized APSIM model outputs at different simulation spatial scales. 
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Results 

4.2.3.5. Spatial calibration maps for the different simulation scales 

Spatial calibration of the KL and DUL profiles differed with simulation scale when performed on the 

2005-2006 data (Figures 4.8 and 4.9). For the within-field spatial calibration (zonal approach), several 

within-field zones had the same parameter values (profiles). For the site-scale, the diversity of calibrated 

KL and DUL profiles was more important than for higher simulation scales (more details on KL and 

DUL profiles are shown in Supplementary Figures S.B1 and S.B2; note that KL and DUL profiles will 

be hereafter designed respectively from A to D profiles and from 1 to 3 profiles as explained in Section 

4.2.3.3). For the site-scale spatial calibration, the KL and DUL profiles represented the full diversity of 

considered profiles. However, for simulation at larger zones, this diversity was reduced, e.g. there was 

an absence of the KL profile D for simulation scales below 10 within-field zones (Figures 4.8a to 4.8e) 

and an absence of the DUL profile 3 for simulation scales below 20 within-field zones (Figures 4.9a to 

4.9h). Spatial calibration for scales higher than the site-scale simulation tended to homogenize calibrated 

profiles. Moreover, the merging of different within-field zones did not necessarily lead to an 

intermediate profile of these different within-field zones. For example, in 2005-2006, the western side 

of the field was mainly calibrated to DUL profile 2 with some 1 and 3 profile zones at the site scale, but 

calibrated to profile 1 especially for lower order zoning (Figure 4.9). 

Spatial calibration of KL and DUL profiles performed with the 2007-2008 data showed the same 

trends as the 2005-2006 data described above. They are given in Supplementary Figure S.B3 and S.B4 

and. Maps of the other spatial soil inputs to APSIM, OC and difference between CLL and DUL, are also 

shown in Supplementary Figure S.B5. Only the topsoil maps (directly observed data) are shown as the 

values in the subsoil layers were estimated from these topsoil data (Supplementary Figure S.B5). 

Minimization of RMSEC for the spatial calibration of KL and DUL profiles are shown in 

Supplementary Figures S.B6, S.B7, S.B8 and S.B9. The values for parameters aspatially calibrated are 

available in Supplementary Table S.B1 and S.B2.
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4.2.3.6. Calibration performances using SBA 

The SBA scores (Table 4.3) were also calculated during the model calibration process to see if the best 

performing modeling scale could be identified before (and was consistent with) the evaluation step. SBA 

scores were computed for the spatial calibration steps 3 and 4, i.e. to assess the coherence between 

observed and modeled biomass and yield data, respectively. Compared with the SBA scores computed 

for the model evaluation (Section 4.2.4.3), there was less variation in the biomass and yield SBA scores 

during the calibration step (Table 4.3). For the yield SBA scores for calibration, the variations were 

similar to the yield prediction SBA scores, in particular there was a relative stability in the SBA scores 

for simulation scales from 4-zone to site scale modeling. The exception to this was the calibrated site-

specific yield SBA score in 2007-2008 data that was considerably lower than the 20-zone SBA score. 

Thus, SBA scores on calibration steps did not match with SBA scores computed for the evaluation step 

(Section 4.2.4.3) on durum wheat yield. 

Table 4.3 Spatial balanced accuracy (SBA) to assess calibration of APSIM spatialized version for 

simulating durum wheat biomass and yield at the field level and at different within-field spatial scales 

for the two different years. 

Year Variable 
Scale (zones) 

Field 2 3 4 5 10 15 20 Site 

2005-

2006 

Biomass 0.13 0.19 0.19 0.18 0.18 0.18 0.19 0.21 0.16 

Yield 0.14 0.28 0.26 0.27 0.24 0.23 0.24 0.24 0.23 

2007-

2008 

Biomass 0.16 0.23 0.24 0.23 0.22 0.20 0.19 0.21 0.15 

Yield 0.15 0.26 0.23 0.27 0.27 0.27 0.25 0.26 0.19 

4.2.3.7. Spatialized APSIM performance to simulate durum wheat yield 

When the model was calibrated on the 2005-2006 data and applied to the 2007-2008 data, there was a 

difference of 20% in the mean aspatial error between the best performed modeling scale (field scale) 

and the worst performed modeling scale (site-scale), with respectively a RMSEP of 0.94 t/ha and 1.17 

t/ha (Table 4.4). There was no strong visual linear 1:1 relationship between the observed and modeled 

zonal or site-specific yield (Supplementary Figure S.B10). In most cases, the zone with the highest 

modeled yield tended towards an overestimation of yield. In this situation, it is unsurprising that the 

yield prediction at field-scale modeling generated the lowest RMSEP. When the data sets were inverted 

(calibration on 2007-2008, prediction on 2005-2006), there was a difference of 9% of aspatial error 

between the best performed modeling scale (2-zone scale) and the worst performed modeling scale (site-

scale), with respectively 1.32 t/ha and 1.45 t/ha (Table 4.4). Again, there was no clear linear 1:1 

relationship between the observed and modeled zonal or site-specific yield (Supplementary Figure 

S.B11). However, modeled yields at within-field scales had less overestimation with this combination 

and the 2-zone scale was identified as the best performing scale. 

Regarding the spatial error between the observed and modeled data, it was difficult to identify 

which modeling scale had the best performance by only using the 1:1 plots (Supplementary Figures 

S.B10 and S.B11) and the simulated yield maps (Figures 4.10 and 4.11). Indeed, concerning yield maps, 

it was difficult to identify a real spatial pattern among the site-scale observed data (Figures 4.10 and 

4.11), whereas modeling at within-field scales exhibit clear delineated zones which did not clearly match 

visually with the observed data (Figures 4.10 and 4.11). None of the within-field scale for both years of 

calibration/modeling seemed to be the more relevant. 
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Table 4.4 Root mean square error of prediction (RMSEP) to assess the ability of the spatialized APSIM 

version to simulate durum wheat yield at field level and different within-field spatial scales for two 

different years of calibration and evaluation. Values indicated are in t/ha. 

Calibration 

year 

Evaluation 

year 

Scale (zones) 

Field 2 3 4 5 10 15 20 Site 

2005-2006 2007-2008 0.94 1.04 1.02 1.13 1.13 1.09 1.04 1.04 1.17 

2007-2008 2005-2006 1.44 1.32 1.45 1.42 1.42 1.40 1.41 1.38 1.45 

 

 

Figure 4.10 Spatial patterns of durum wheat yield for (a.) observed data from 2007-2008 and modeled 

data from APSIM calibrated on 2005-2006 data for different modeling scales: (b.) field scale, (c.) 2-

zone scale, (d.) 3-zone scale, (e.) 4-zone scale, (f.) 5-zone scale, (g.) 10-zone scale, (h.) 15-zone scale, 

(i.) 20-zone scale and (j.) site-scale. 
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Figure 4.11 Spatial patterns of durum wheat yield for (a.) observed data from 2005-2006 and modeled 

data from APSIM calibrated on 2007-2008 data for different modeling scales: (b.) field scale, (c.) 2-

zone scale, (d.) 3-zone scale, (e.) 4-zone scale, (f.) 5-zone scale, (g.) 10-zone scale, (h.) 15-zone scale, 

(i.) 20-zone scale and (j.) site-scale. 

The SBA scores (Table 4.5) on the predicted 2005-2006 and 2007-2008 yields respectively 

showed that field scale modeling and 5-zone modeling were identified as the best performing, with SBA 

scores of 0.15 and 0.17 respectively. Compared with results shown in Figure 4.10 and 4.11 and 

Supplementary Figure S.B10 and S.B11, the SBA scores showed additional information of the model 

performance that could not be identified from the RMSEP values, the observed vs modeled plots or the 

visual yield map comparisons. With only a RMSEP interpretation, evaluation on the predicted 2005-

2006 yield identified the 2-zone modeling scale as the best performing scale. In contrast, the SBA scores 

identified the 5-zone modeling as the best performed (Table 4.5 and Supplementary Figure S.B11). The 

SBA scores gave a relevant spatial evaluation of the APSIM performance as defined for spatialized crop 

models with estimation of aspatial and spatial error (Pasquel et al., 2023b). There was a stabilization of 

SBA scores between the 10-zone to site-scale modeling. The biggest deviations in the SBA scores tended 

to be located between the field-scale and 5-zone scale modeling in both years, although the SBA scores 

and their evolution with the number of zones was very different depending on the calibration/evaluation 

year. It is clear that a calibration in 2007-2008 resulted in lower SBA scores. 
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Table 4.5 Spatial balanced accuracy (SBA) scores to assess the ability of the spatialized APSIM version 

to simulate durum wheat yield at field scale and at different within-field spatial scales for two different 

years of calibration and evaluation. 

Calibration 

year 

Evaluation 

year 

Scale (zones) 

Field 2 3 4 5 10 15 20 Site 

2005-2006 2007-2008 0.15 0.33 0.30 0.32 0.30 0.30 0.29 0.29 0.31 

2007-2008 2005-2006 0.19 0.25 0.18 0.18 0.17 0.19 0.19 0.19 0.18 

4.2.4. Discussion 

4.2.4.1. Different modeling performances depending on the calibration/prediction year 

Depending on the years used for calibration and prediction, the results showed different 

spatialized APSIM performances for yield prediction at the within-field scale. It is hypothesized that 

this was affected by the differences in spatial structure of the yield data along with difference in rainfall 

patterns, even though the mean and numerical distribution of the yield data were similar. The 2005-2006 

yield data was spatially structured while the 2007-2008 yield data was not. When the spatially structured 

2005-2006 yield data is used for the spatial calibration of some model parameters and then applied to 

the poorly spatially structured 2007-2008 yield data, the field scale was identified as the most relevant 

modeling scale. The lower level of spatial structure (and patterning) in the 2007-2008 yield data suited 

a mean yield response that fits to the native spatial footprint. In effect, each part of the field could be 

calibrated with the same values for the APSIM input parameters, i.e. the whole field has the same 

modeled yield value (even if yield actually varied over the field). Therefore, under these conditions, the 

SBA score identified field-scale modeling as the best performing scale even if there were some within-

field yield variations ignored by this modeling scale. Field-scale modeling allowed the best trade-off for 

a better modeling of the yield based on aspatial and spatial coherence with the observed data. In contrast, 

when the spatial calibration was done on the poorly spatially structured 2007-2008 yield data, and 

evaluated on the spatially structured 2005-2006 yield data, the 5-zone scale was identified as the most 

relevant modeling scale according to the SBA score. In this situation, the spatial calibration was carried 

out on within-field zones segmented from spatially structured ancillary data that were correlated with 

durum wheat yield. Even with a relatively poor spatial structure in the 2007-2008 yield data, this spatial 

calibration succeeded in defining a distinction between the zone/site-specific APSIM input parameter 

values to reproduce the spatial patterns in the observed data. Thus, spatial calibration was relevant in 

this case. However, the relevance of the spatial calibration was based on the data from the end of the 

season that does raise questions regarding the management decisions that should have been made during 

the season. This is an important question to make this method applicable in a real world situation. 

However, in the present study the aim was to understand how APSIM is working at the within-field 

scale, i.e. to understand if it is relevant to use APSIM at finer spatial scales. Based on these results, 

considerations on how this method applicable for farmers to advise them in differentially adapting their 

management for in-season production are better known. The spatial calibration aims to constrain the 

calibration process to ensure the reproduction of the spatial pattern of the agronomic variable. However, 

more work is still necessary to make a relevant spatial calibration in a truly operational context, i.e. there 

needs to be a trade-off between the calibration zones and the management zones, which reflect the real 

within-field management practices. The optimal scale of spatial calibration for the model will not 

necessarily align with the optimal scale of management possible by the grower. Other complementary 

methods could be applied to the output maps to take into account the operational constraint linked to 

used machines for instance (Leroux and Tisseyre, 2018). However, the aim of this study was to 

investigate the modeling of the durum wheat yield at the within-field scale (i.e. theoretical objective) 

and evaluation was made regarding this objective. Modeling related to an operational context was 
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considered here as an perspective to this work, the first step was to investigate if a use of existing crop 

models was relevant at within-field scale. 

There was not a lot of variation among the SBA scores, with spatial calibration on the 2007-

2008 data being similar between the 3-zone scale and site-scale even if the 5-zone scale modeling was 

identified as the best performing scale. Given these similarities, consideration could also be given to the 

principle of parsimony and the need to have zones and decisions that can be enacted from an agronomic 

perspective. Calibrating APSIM at 3 within-field zones is less time consuming and likely more relevant 

for management (avoids calibration on outliers and conserves spatial pattern consistency) compared to 

finer resolution calibration (site-scale). However, it could also ‘miss’ punctual specific patterns if not 

representative of the within-field segmentation. 

The spatial structures and the resulting spatial patterns of the durum wheat yield were not the 

same between the two years because of varying precipitation and temperature profiles between years 

(Figure 4.1). Weather conditions heavily affect rain-fed grain yield determination, especially rainfall 

amount and distribution over the crop season (Buttafuoco et al., 2017). Previous studies have attributed 

spatial variation of yield components mainly to different levels of available soil water between 

production years (Diacono et al., 2012; Guastaferro et al., 2010) and on this same field, Basso et al. 

(2012) showed that growing season rainfall and fallow rainfall were correlated with grain yield over a 

five year period as a result of the complex dynamic interactions between spatial static properties (e.g. 

soil texture) and dynamic properties (e.g. soil water content). In this study, soil information (ECa) was 

used to determine management (modeling) zones that were constant for both years. Annual modeling 

will be influenced by how well these soil-based zones reflect production potential in a given year. The 

differences in the calibration/prediction outcomes by inverting the role of the two years is indicative of 

this limitation. Thus, while spatial calibration has shown some benefit in this study, research is still 

needed to better understand how ancillary data, especially soil data, can be used to generate seasonal-

specific zoning for modeling, i.e. the local climate (predicted and/or observed weather conditions) 

should influence how downscaling methods are applied to account for known or expected local soil-

plant-environment interactions. 

The choice of calibration and evaluation data had a significant impact on the spatialized APSIM 

outputs. Thus, regarding the preliminary results of this study and the choice of static soil zones for 

downscaling, it was more relevant to perform spatial calibration when the target agronomic variable 

exhibited good spatial structures/patterns. This was expected as calibrating a model with (yield) data 

that is atypical of the expected response or exhibits a large amount of stochastic variation is not expected 

to be effective. This result could be generalized to other large and complex crop models. 

In other words, the main interests in the spatial calibration are twice. First, using the spatial 

calibration approach as a spatialization process allows to constrain the spatial pattern of the agronomic 

variable. allowing to maintain a spatial consistency in the within-field modeling. Second, the spatial 

calibration is able to manage a trade-off between the accuracy of prediction at changing scales against 

the ‘noise’ in the available input data at different spatial resolutions. A crop model calibrated 

individually for each modeling unit (i.e. at the site-scale) may have a significant stochastic error through 

the calibration process. 

4.2.4.2. Sources of uncertainty linked with parametrization 

The aim of this study was to investigate if using complex spatialized crop models at the within-field 

scale was relevant, i.e. if the uncertainty in the modeling process was acceptable to support agronomic 

decision-making. With the SBA score, the most relevant spatial scale for modeling could be identified 

for each combination of calibration/prediction years. However, there was a huge source of uncertainty 

using the spatialized APSIM model, especially with the assumptions made for input parameterization. 

APSIM is a complex crop model requiring several input parameters to work correctly to reproduce the 
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biophysical processes implemented. Within-field downscaled modeling with spatial calibration involves 

an increase in input parameterization, which may not be useful to enhance model performances (Adam 

et al., 2011; Soltani and Sinclair, 2015; Zhen et al., 2023). Moreover, uncertainties in the downscaled 

crop model use could mostly be attributed to input data and to the downscaling methods used (Porwollik 

et al., 2017). Even with a fairly comprehensive data set, many parameters, especially parameters related 

to soil characterization, needed to be estimated and were not directly measured (e.g. SHL). Furthermore, 

as the resolution of the spatialization increased (from the whole field to site-specific), the available data 

also decreased for a given spatial area of prediction, which may introduce higher stochastic variance 

effects in the model calibration and evaluation. Therefore, higher input parameterization may explain 

why more uncertainties have been observed. 

Cultivar parameters, especially growth parameters, are important parameters for crop models 

because they drive yield production, but they are also heavily influenced by punctual changes in water 

and nutrients (Archontoulis et al., 2014; Rötter et al., 2012). For this study, cultivar parameters were 

considered homogeneous. The assumption of homogeneity for the weather data, especially precipitation, 

is highly questionable. Precipitation can be variable over even small areas (Krajewski et al., 2003), 

altering site-specific plant available water  and even small changes in slope can impact subsoil water 

movement and accumulation (Subedi and Fullen, 2009). Although considered flat, there was a 10 m 

drop in altitude in the field and a trend to higher soil water content in the southern tip has already been 

noted (Basso et al., 2009). Directly accounting for these variations will improve the soil water 

representation, soil-cultivar interactions and the APSIM calibration (Hao et al., 2021; Huth et al., 2012). 

For this study, soil parameters were considered the key spatial parameters to calibrate APSIM, because 

these parameters are known to be the main local drivers of durum wheat yield. To achieve this, many 

subsoil parameters were estimated from topsoil information to have a modeled soil profile up to 2 m 

depth. This introduced uncertainties from the pedotransfer models. Crop models are known to operate 

more effectively when all required input parameters are measured (Cammarano et al., 2021), thus 

measuring the needed input soil properties for each soil layer would clearly improve the spatial APSIM 

calibration. However, in commercial production systems, these subsoil data are difficult to obtain due 

to cost and time constraints, and pedoclimatic approaches for subsoil information are likely to commonly 

used in the future to generate these data when needed. Therefore, further improvements in subsoil 

pedotransfer functions in an obvious starting point for improving crop model spatialization. 

Spatial calibration for steps 3 and 4 was made through KL and DUL profile assignments, rather 

than detailed soil water observations. Again, an accurate calibration of the KL and DUL values for each 

soil layer at each measurement site was time and cost prohibitive, even for this research study. Profile 

assignment was considered here to be a good trade-off between computation time and improving 

modeling crop model performance. A limitation to this approach is that the assigning of a profile does 

not necessarily assigned the optimum value to minimize the calibration error. 

4.2.4.3. Calibration performance using the SBA score 

The calibration error of each simulation scale using the SBA scores (Table 4.3) would be interpreted 

differently compared to the SBA scores for evaluation (Table 4.5). If the relevance of the simulation 

scale was only based on the calibration error, then field-scale simulation (native footprint) would have 

been selected for both scenarios and both target variables (biomass and yield) (Table 4.3). In terms of 

practical use, these results suggest that SBA scores are highly dependent of the spatial structure/pattern 

of the considered agronomic variable and SBA score interpretation should be taken carefully. Given this 

is the first attempt to use the SBA to assess spatial calibration of a complex crop model, no strong 

conclusions can be drawn from the identification of the native footprint as the preferred modeling scale 

during calibration; however, this is an area where further study is needed. Metrics to best calibrate the 

model are as important as prediction metrics. 
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4.2.4.4. Within-field segmentation dependency and uncertainties 

Results of this study were very dependent on the zoning performed, i.e. the ancillary data and 

segmentation algorithm. Ancillary data that measures soil ECa were chosen to delineate zones because 

these data are known to be related to soil texture, which in turn is temporally stable and indirectly related 

to soil moisture holding capacity. The assumption in this pedoclimatic region, and this particular 

production system, was that soil water is the dominant driver of yield. Nawar et al. (2017) highlighted 

that using ECa by itself could be insufficient to quantify the spatial variability in production at the within-

field scale and suggested coupling soil spatial properties with data related to crop productivity to have 

more reliable zones. However, this was not feasible in this study as the available yield and biomass data 

were part of the calibration/prediction data set and could not be considered as independent data for zone 

delineation. Within-field zone segmentation was also assumed to be temporally stable in this study 

because the segmentation was based on temporally stable soil properties. If data related to crop 

productivity is involved in zone delineation, it may give stable and unstable zoning overtime (multiple 

years). This is especially true in systems subject to very variable weather conditions. Indeed, data from 

multiple years will be needed for a reliable spatial calibration using crop productivity data, especially 

with rain-fed crops. Ideally, some historical data, such as production from previous years with similar 

evolving seasonal weather, and/or near real-time production data, such as within-season remote sensing 

images, could help to adapt segmentation during the production year and delineate more relevant zones 

for in-season crop model simulations (Maestrini and Basso, 2018). 

The strength of the spatial structure/pattern of the agronomic variable of interest was identified 

in this study as a driver of the success of a spatialized downscaling approach. Similarly, the strength and 

spatial structure/patterning of the ancillary data used in zone delineation, as well as the strength of its 

correlation with the modeled agronomic variable of interest, will affect the quality of the spatialized 

model outputs. For example, in this study, soil zones that had the highest predicted yield tended to be 

overestimating yield. The reason for this was unclear, but it is clear that the model was not accounting 

for some effect associated with production loss in these zones. In an extreme example, zoning with 

uncorrelated, poorly structured ancillary data will not generate sensible and relevant solutions beyond 

chance. As with any other application of zoning in PA, issues in the number and spatial distribution of 

measured sites and on the zoning methods applied should be carefully tackled (Xu et al., 2020). In 

studies concerning the use of crop models on a large scale, e.g. regional scale, when downscaling 

processes are necessary to match input scale models, correction methods are often applied (Ji et al., 

2018). This kind of correction for downscaling processes at within-field scale using crop models is still 

rarely applied. Another limitation of current crop models is that they seldom consider lateral water 

movement that can greatly affect water stress as experienced by the crop, and this could explain 

uncertainties in the APSIM spatial calibration in this study. Huth et al. (2012) for APSIM, and Xiang et 

al. (2020) and Shelia et al. (2018) for DSSAT have respectively improved these crop models to account 

for better water movements within the soil. These improvement modules could be used in further 

investigations when using, for instance, APSIM at within-field scale to improve spatial calibration and 

spatialized model performances. 

4.2.5. Conclusion 

Results showed that using APSIM at a within-field scale generated more relevant yield predictions than 

simulating yield at the field-scale when the target variable (durum wheat yield) was spatially structured 

in the predicted year. Spatial calibration of selected key model parameters allowed APSIM to 

approximate the spatial pattern of the durum wheat yield. When the target yield was more randomly 

distributed, APSIM’s native spatial footprint, i.e. field-scale, was identified as the most relevant. The 

spatial calibration of complex crop models, such as APSIM, requires many inputs and assumptions of 

parameter values that could lead to uncertainties in the simulations. Finer spatial calibration has a need 

for more observed and sensed data to be collected to drive the calibration/evaluation process, which 
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could be limiting in commercial situations. The delineation of within-field zones was identified as an 

area which could also be improved to improve the spatial model calibration. Delineation should take 

into account various ancillary data types, including crop parameters, such as biomass or yield maps, 

over multiple, climatically varying seasons so that ancillary data choices can be better targeted to 

predicted in-season conditions. However, when production variables exhibit a strong spatial patterning, 

the use of a spatial calibration approach to spatialized a crop models shows promise for within-field 

simulation at a scale that can support decision support tools to optimize their efficiency and their field 

management at within-field scale. Further work is certainly needed to validate these preliminary findings 

in other systems and other pedoclimatic regions. 

4.2.6. Acknowledgements 

This work was supported by the French National Research Agency under the Investments for the Future 

Program, referred as ANR-16-CONV-0004. 

4.3. General conclusion of the chapter 

The aim of this chapter was to investigate if using a complex crop model at the within-field level was 

relevant to model durum wheat yield. This chapter represented an opportunity to apply the methods and 

metrics investigated in the previous chapter of this manuscript on a real data set using APSIM. This later 

is considered here as a complex crop model. The spatial calibration approach for crop models, whose 

the relevance of use was investigated in Chapter 3, was used to downscale and spatialize the crop model. 

Additionally, the SBA score as proposed in Chapter 2 was used to evaluate the spatialized crop model 

performances. Although the SBA score is still new, this metric was used to account for both the aspatial 

and spatial error from model predictions. Furthermore, the use of this metric was considered relevant as 

it was employed to obtain a relative comparison of prediction error across modeling scales, which is the 

primary purpose for which SBAs score was designed. Using this metric in a real case study also 

permitted the potential usefulness of such a metric to be assessed and to potentially identify 

improvement needed with the SBA score. Limitations highlighted in Chapter 2 are still valid for the 

SBA score in this chapter, and the limits and expectations of this metric will be further discussed in the 

following chapter. 

Depending on the calibration/evaluation years used, spatial calibration produced differing 

results. When the yield in the evaluation year was spatially structured, the spatial calibration approach 

allowed the crop model to be optimized to produce improved spatialized crop model predictions, i.e. the 

spatial calibration allowed a reproduction of the spatial pattern of the durum wheat yield. However, 

when the yield map in the evaluation (predicted) year was relatively homogeneous, a classical 

calibration approach at the field scale showed to be the best performing model. Thus, when the target 

variable being modeled produces a relative homogeneous case study, spatial calibration lead to an 

increase in the calibration uncertainty and to a decrease in the spatialized APSIM performance for 

modeling, compared to its native spatial footprint, i.e. the field scale. These results corroborated results 

found in Chapter 3. When an agronomic variable has a strong spatial structure and is correlated with the 

ancillary data used to spatialize the model, spatial calibration improves modeling performances, i.e. it is 

relevant to use that approach. However, when the spatial structure of the agronomic variable was weakly 

structured and/or correlation with the ancillary data is low, a classical calibration approach should be 

preferred because the spatialized crop model performances is not better than the field-scale, ‘average’ 

modeling results. 

In this presented work, calibration zones were delineated at the within-field scale for spatial 

modeling purposes. These within-field zones were not defined as management zones, as it is usually 

seen in the literature of precision agriculture scientific works, they are defined as calibration zones for 

the modeling. On an operational purpose, management zones are directly linked to the cultural practices 
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potentially applied at the within-field scale, whereas calibration zones are dedicated to find the most 

relevant modeling scale to best reproduce the spatial patterns of the considered agronomic variable. 

Thus, on a technical view, calibration zones are not directly delineated to improve advice regarding 

cultural practices, rather they are delineated to have spatial pattern that reflects the target agronomic 

variable (on which potentially a precision agriculture management could be advised in a following step). 

The relevance of using spatial calibration in this case study was based on predicting yield at the 

end of the season using input data, excepting meteorological and management data, obtained at the start 

of the season. Nevertheless, this spatial calibration approach is the only way of spatializing these models 

before the season starts and field-specific growth data becomes available to allow for data assimilation 

approaches to be used. Thus, although this chapter is less theoretical than the previous ones, this work 

is still relatively theoretical regarding the limit of its capacity to be applied on an operational case study. 

The main goal of the spatial calibration was to constrain the spatial pattern to enable the calibration 

process of the crop model. However, this delineation of calibration zones was fixed at the beginning of 

the production season. It may be that the calibration zones, and the spatialization of the model, may 

benefit from updating the calibration zones as in-season production data becomes available, i.e. adapting 

data assimilation into this process by incorporate data during the modeling phase. 
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Chapter 5 

 

General discussion and perspectives 
 

 

5.1. Retrospective on the results obtained during the PhD project 

In a precision agriculture context, within-field variability of an agronomic variable is of high interest as 

variability may be seen as an opportunity for site-specific crop management towards more sustainable 

cultural practices. The spatial pattern of the agronomic variable has to be considered in order to set up 

differential cultural practices in the most efficient way. Crop models are considered as relevant decision 

support tools for farmers and agronomists in achieving this objective. However, currently existing crop 

models are typically designed to model agronomic variables as a point-based model at the field scale. 

The model equations and parameters were developed from, and designed to be used with, average field-

scale data. Thus, within-field variability is not inherently considered within the model construction (i.e. 

model equations) so sub-field scales cannot be considered as a native spatial footprint for these existing 

crop models. So, even if applied at spatial scales smaller than the field, there is no guarantee that the 

biophysical processes will be properly simulated and that the spatial pattern of the agronomic variable 

will be reproduced. 

Regarding these considerations, this PhD project has focused on addressing some scientific 

questions raised for the effective spatialization of existing crop models to within-field scales using 

downscaling methods. In particular, it has addressed issues associated with the spatial calibration of crop 

models for both simple and complex models. It also addressed the question of the evaluation of outputs 

derived from such spatialized crop models. The specific scientific questions, already formulated in 

Section 1.3.1.2, are recalled hereafter: 

(I) How to perform a relevant evaluation and comparison of spatialized crop model performances 

across different spatial scales? 

      (i) Are the currently used methods to evaluate spatialized crop models performances efficient? 

(ii) Does taking into account the spatial component of the model outputs improve model 

evaluation? 

(II) Is the spatial calibration of selected crop model parameters an effective method of downscaling 

existing crop models to permit modeling at within-field scales? 

(i) Can the delineation of potential management units from high-resolution ancillary data assist 

with a spatial calibration approach? How does the relationship between the ancillary data and the 

agronomic variable of interest influence this? 

(ii) Is there a trade-off between the spatial scale of modeling at within-field scale and the noise 

brought by the errors of measurement of the data used for the calibration and evaluation step of 

the spatialized crop models?  

(iii) Does the complexity of a crop model affect the ability of the model to be downscaled for 

precision agriculture purposes? 
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A review on the spatialization of crop model processes and on the methods to evaluate their 

performances was first performed. This state of the art analysis allowed an identification of existing 

methods but also knowledge gaps (Chapter 1). The reasons and the ways that crop models are currently 

spatialized, either for upscaling or downscaling purposes, were analyzed. This led to a clarification of 

the existing frameworks used for spatialization, i.e. a clarification on the methods used to change the 

spatial footprint of existing crop models without changing their internal model structure. It also allowed 

the identification of metrics, both aspatial and spatial, that have been used in the scientific literature to 

date to evaluate the performances of such spatialized crop models. The review also helped to identify 

some limitations in current metrics and potential improvements for the evaluation of spatialized crop 

model performances. 

Then, the main limitations of common metrics used for evaluating spatialized crop model 

performances were highlighted (Chapter 2). In particular, it was shown that no metric was able to assess 

simultaneously the aspatial and the spatial components of the outputs from a spatialized crop model. To 

address these issues, the spatial balanced accuracy (SBA) was proposed, tested and validated to evaluate 

both aspatial and spatial errors resulting from modeling with such crop models. 

In this PhD research, spatialization was performed for the purpose of precision agriculture. In 

this context, downscaling methods were considered of high interest. Investigations therefore focused on 

this specific aspect when it deals with a change to the spatial resolution (footprint) of a crop model. A 

spatial calibration approach was used in the case studies (simulated and real data sets) as a novel 

approach to downscaling and spatializing two contrasting crop models. By using ancillary data for 

delineating within-field calibrations zones, the calibration process was performed at various scales so 

that the most relevant modeling spatial scale, which minimized the spatial prediction uncertainties, could 

be identified. This is the first attempts to use this spatial calibration approach for downscaling crop 

models. The first results obtained from this work have demonstrated that this spatial calibration 

approach, based on within-field calibration zones derived from high spatial ancillary data assumed to be 

more or less correlated to the agronomic variable of interest, is relevant for downscaling crop models. 

These results showed that the output of the spatialized crop models remained relevant (spatial 

structure/pattern and variability). The results also showed that, using spatial calibration improved the 

(spatialized) modeling performances of the crop models in some cases, but not in all cases. Spatial 

calibration was most effective, compared to a classical calibration approach, when the target variable 

exhibited a strong spatial structure. When the variable of interest only had a moderate or weak spatial 

structure, even if it a high magnitude of variation, a classical calibration approach generated equivalent 

or better model predictions (Chapter 3). 

Both spatial calibration and the newly proposed SBA score were applied to a real case study to 

investigate the scope and relevance of using such methods on real world data (Chapter 4). The results 

showed that spatial calibration and the SBA score were able to firstly downscale the model predictions 

and to identify which spatial modeling scale was the most relevant to reproduce both the aspatial and 

spatial characteristics of the considered agronomic variable. In this context, these approaches were 

useful to optimize the performance of the spatialized crop models and evaluate their modeling 

performances. However, at this stage, a generalization of these results should not be made beyond the 

case studies and additional research is certainly necessary in this field to test and validate these ideas 

with other crop models and in other production systems. 

Regarding the contribution of this PhD project, the following discussion is structured around 

how the project results have answered the specific scientific questions raised previously. In a second 

step, some perspectives to the PhD are proposed for potential future investigations. 
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5.2. Discussion and contribution for a relevant evaluation and comparison 

of spatialized crop model performances 

5.2.1. The needs for assessing spatialized crop models with a metric based on 

spatial pattern instead of spatial structure 

There are many available and used metrics to evaluate crop models. These metrics could be either 

aspatial, i.e. evaluating only the numerical error of model outputs, or spatial, i.e. evaluating the spatial 

structure of model outputs (even if this kind of metric is often used for data description and spatial 

estimations, such as in a kriging process). However, a ‘combined’ metric that is capable of assessing 

simultaneously both spatial and aspatial errors was not found in the performed literature review. 

Concerning the spatial error, in most precision agriculture studies, the focus is made on assessing the 

spatial structure of the considered agronomic variable, and this has some limitations. 

To adapt their within-field management, farmers use the spatial patterns observable in their 

fields. These spatial patterns allow a relevant and reliable decision-making that reflects real crop needs. 

Describing the spatial structure, generally using geostatistics, remains an interesting approach to 

describe an agronomic variable and is widely understood and used in the scientific precision agriculture 

community. However, any given spatial structure could arise from multiple and varying spatial patterns, 

which would not need the same level of differential management. Therefore, the use of geostatistical 

metrics to assess the spatial structure of model predictions as a means for evaluating spatialized crop 

models could lead to misinterpretations. Instead, the use of spatial pattern metrics (in place of spatial 

structure metrics) should provide more definitive information to support differential management and 

provide a suitable evaluation of spatialized crop model performances for precision agriculture purposes. 

Therefore, the need for a metric able to evaluate simultaneously aspatial and spatial (i.e. based on spatial 

pattern) prediction errors was identified as a necessary first step, especially for the assessment of the 

spatialized application of crop models in this PhD project. In terms of spatialization, it was also deemed 

necessary to have a metric that could identify which spatial scale is the most relevant, i.e. to have a 

metric that is applicable at several spatial modeling scales and capable of identifying which spatial scale 

is the most relevant. As identified in the review, a synthetic metric that accounts for both kinds of error 

and allows for a quick assessment and ranking of model performance among a pool of scale-variable 

simulations did not exist. The SBA score, as proposed in this work, answers these issues. It is a first 

attempt of a spatial/spatialized model metric based on connectivity theory. However, this remains a new 

metric that has only been tested and validated on a limited number of case studies, although simulations 

have allowed the robustness of the SBA score to be tested in very different conditions. As a new metric, 

testing and validation on other case studies may highlight some limitations requiring some further 

improvements. Despite this, it was effective in its, albeit limited, use within this PhD project. 

5.2.2. The spatial balanced accuracy: expected limitations and benefits 

The SBA score was designed to identify which modeling scale was the most relevant by taking into 

account both aspatial and spatial errors in model predictions. More specifically, it was designed to 

compare several spatial modeling scales, using the same crop model, in order to find the most relevant 

one to carry out the modeling. Thus, the SBA allows a ranking of the spatialized crop model outputs to 

find the most suitable spatial modeling scale for a considered agronomic variable over a considered area. 

Nevertheless, at the current stage of development, it is preferable to only use this metric to compare 

modeling within a considered field. In other words, the SBA is relevant if the purpose is to seek a first 

evaluation on the modeling. In the case studies considered in this manuscript, the use of the SBA score 

was possible because it was carried out with modeling from the same crop model, for the same crop and 

for the same agronomic variable over the same field, but considering different spatial scales. Until now, 

the SBA has not been tested for other purposes and other potential applications. For instance, its 
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relevance in assessing different modeling approaches on a same field or different variables was never 

tested nor validated. As a result, the use of the SBA for such application cannot be promoted since it 

could lead to a biased or even wrong outcome. 

The SBA is, for now, proposed to be used as a relative metric, i.e. it should be used to assess the 

spatialization of a crop model in a given situation, and not between models or between different 

scenarios. Thus, depending on the purpose of the study, using complementary quantitative metrics (e.g. 

RMSE) is still considered to be necessary to further quantify the degree of uncertainty present in the 

spatialized crop model outputs. This composite metric approach would allow for a finer evaluation of 

the spatialized crop model performances, e.g. to understand if model outputs are under-performing on 

the spatial or aspatial aspects. Therefore, the SBA interpretation should be complemented by existing 

metrics that account for the aspatial or spatial modeling errors. In other words, this proposed metric is 

not a replacement of existing metrics but rather an addition to the suite of metrics available to researchers 

and modelers to assess several modeling approaches in the first instance. The results presented in this 

manuscript (Chapters 3 and 4) have shown that the use of the SBA score brings additional value and 

information to model evaluation. For example, the distinction that could be made between modeling 

with similar results of RMSE when only a spatial error is added to refine the evaluation. Thus, its use 

has to be recommended as a complement to other existing metrics, i.e. the RMSE (or other classical 

metrics) should not be used without consideration of the SBA score (or some other similar metric). 

With this in mind, the new SBA score is, for now, mostly intended to be used by agricultural 

scientists and researchers. Indeed, the comparison of different spatial modeling scales remains a 

relatively theoretical aspect of crop modeling. The SBA score is mostly based on a relative adequacy 

between observed and modeled data. It is probably too soon to consider using this metric for practical 

and technical uses and for it to be applied to a reliable decision-making process. Broadening the use of 

this metric to farmers and growers could be interesting to match crop modeling behavior with the 

footprint of real cultural practices on-farm. For instance, the technical aspects related to agronomic 

machine footprint is of primary interest for farmers to know if the cultural practices decision is truly 

applicable with their tools (Lajili et al., 2021; Tisseyre and McBratney, 2008). This could potentially 

accelerate the use of these spatialized crop models as decision support tools and the adaptation of their 

management to a new spatial scale that is more relevant. The short investigation into irrigation ‘decision’ 

zoning using Balanced Accuracy approach (Section 2.2), which facilitate the development of the SBA 

score, is an example of how this could be operationally achieved. Having more study cases to test the 

use of the SBA score is paramount and should constitute the continuation of the research and 

development of metrics to support spatial and spatialized crop model use. 

5.3. Discussion and contribution of the results for downscaling existing 

crop models at within-field scale 

5.3.1. Consistency of the spatial calibration approach for the spatialization of 

crop models at the within-field scale (compared to existing methods of 

downscaling) 

5.3.1.1. Contribution of the spatial calibration approach 

A spatial calibration approach has been identified as having a high potential to be used as a downscaling 

method to spatialize crop models at the within-field scale. This approach is considered as a spatialization 

method because the internal structure of the crop models remains unchanged during the process of 

downscaling. Therefore, the fundamental model remains a point-based model. In the workflow of the 

spatialization process, spatial calibration in used upstream of the crop modeling (i.e. before the formal 

use of the model) to calibrate the model ‘locally’ based on available input data. As a result, the crop 
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model can be applied as spatial scales that are finer than the original intent. The spatial calibration can 

also be performed at any time, pre-season or in-season, using historical field information and/or in-

season information. It is the former potential to have spatialized pre-season predictions that has been the 

driving motivation behind much of the applied work in this PhD project. 

The spatial calibration approach was expected to be able to manage a trade-off between the 

accuracy of prediction at changing scales against the ‘noise’ in the available input data at different spatial 

resolutions. The field-scale uses smoothed, average field data for model calibration, which the model is 

explicitly designed for. The site-scale relies on individual point data, which may have a significant 

stochastic error, to calibrate the model. Thus, there was a general hypothesis that the optimum scale of 

modeling will be where there is a gain from downscaling by spatial calibration but where the data (point 

or aggregated) for a given, local spatial calibration is an accurate reflection of the modeling point 

environment. More specifically, the hypothesis here was that the best modeling scale could be achieved 

(identified) by generating calibration units, using a general management unit methodology common in 

precision agriculture, and using aggregated data within the calibration units spatially calibrate the model 

within-field. However, results presented in this manuscript did not necessarily show a systematic 

improvement when using management units compared to field or site-specific modeling scales. The size 

of the considered field and the number of measurement sites available to describe the spatial pattern of 

the agronomic variable appeared to have an impact on the relevance of spatial calibration approach, 

especially for the vineyard water stress modeling (49 measured sites in 1.2 ha). The higher the number 

of measurements, the more the spatial pattern can be represented and, to a large degree, this is dependent 

on the amount of production variability, rather than the field size. Limitations with available point data 

may be partially ameliorate when measurement sites are cleverly positioned in regards to the considered 

spatial pattern. Note that in this study, for the vine water stress modeling, this was not the case and a 

regular grid was used to obtain the site-scale data. 

5.3.1.2. Spatial parameter selection 

A main point of the spatial calibration approach is the selection of the model parameters that are most 

likely to have a significant impact on the spatialized crop model performance. In this thesis, most of the 

parameters considered as spatial were related to soil characteristics, consequently only a few parameters 

were assumed to drive the process spatially. These soil parameters were known to be spatially variable 

even at the within-field scale and could have a real impact on the modeling, thus, this seemed to be a 

relevant working assumption. Additionally, historical, high resolution spatial soil information was 

available for many soil properties that are temporally invariant in the short to med-term (e.g. soil texture, 

soil water holding capacity, etc.). Other model parameters related to microclimate or nutrient absorption 

(interaction between soil and plant) could also have an impact on the spatialized crop models. However, 

obtaining high-resolution data to use in the calibration process for precision agriculture purposes for 

some of these model-driving factors is currently difficult. The actual trend in precision agriculture is the 

research and the development of various sensors and probes at within-field scale (Mouazen et al., 2014; 

Tardaguila et al., 2021), which may provide new information sources in the future. When such 

information does become routinely available, it will be possible to enlarge the number of model 

parameters to be spatially calibrated. Having more input data and more parameters to calibrate should 

be really beneficial as it could avoid assumptions on variables that are not usually measured and it should 

increase reliability of crop models. However, depending on the quality of the measured data, there is 

always a risk that parametrization could be adversely affected by the measurement characteristics of the 

sensor (i.e. high stochastic noise). A strategy that could be implemented is to use several sensors at the 

within-field scale, even if individual sensors are not of ‘perfect’ quality, to better capture the spatial 

pattern of the considered ancillary data, under the assumption that the higher number of available data 

could offset the higher uncertainty from any single sensor. 

If the homogeneity of crop model parameters could be an acceptable working assumption in a 

context of homogenous species, the heterogeneity of parameters is likely to increase in the context of 
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agroecological transition. Indeed, agroecological systems highlight the use of multispecies over a same 

field leading to interactions between species that may affect crop model performances. For example, 

interactions between trees and crops in agroforestry systems and subsequent changes in crop behavior 

have already been highlighted in the literature (Luedeling et al., 2016). This complexity could represent 

a limitation of spatialized crop models compared to the building of ‘true’ spatial crop models (i.e. crop 

models taking into account neighboring spatial modeling units to compute the value on a considered 

spatial modeling unit). Since this kind of multi-species interaction has not yet been considered in most 

existing crop models, the spatialization of such interactions could be very challenging in future 

agroecological applications. 

5.3.1.3. Spatial calibration approach and data assimilation methods 

The proposed spatial calibration approach is a method with a close objective to other, existing data 

assimilation processes that are often advocated for downscaling crop models (Jin et al., 2018). Data 

assimilation is a general term that encompasses a wide variety of methods for adjusting crop model 

parameters based on observed in-season spatial data (usually remotely-sensed biomass information) and 

the simulated model state variables. It may be done via a data assimilation calibration (DAC), a forcing 

or an updating methodology (Jin et al., 2018). The DAC is analogous to the spatial calibration approach 

being advocated in this work, i.e. it seeks to adjust the initial parameters of the model to achieve better 

spatialized modeling. The difference between the spatial calibration proposed in this PhD project and 

the DAC is important. The spatial calibration proposed here did not influence any state variables in the 

model, the calibration is only based on the considered agronomic variable (and potentially other 

parameters related to phenology or soil parameters) (Launay and Guerif, 2005; Shuai and Basso, 2022). 

Moreover, DAC is iterative and retrospective in fixing parameters using in-season information, i.e. it 

cannot be done at the start of the season. The forcing and updating approaches are primarily concerned 

with adjusting the model’s state variable(s) to reflect in-season observed data. All these methods allow 

ancillary data of high spatiotemporal resolution to be used to ‘correct’ crop models and consequently 

increase their prediction accuracy. Data assimilation is often used at large scale (regional, international 

scales) with low-resolution remote sensing data. however, for precision agriculture purposes, i.e. 

focusing on within-field scale, proximal and remote data with a higher resolution should be used. 

A strength of data assimilation is the accurate temporality allowed for the estimation of crop 

growth status. Having observed data that is related to a model state variable at multiple times during the 

season allows modelers to adjust the model multiple times during the season, with the intent of 

improving the end-of-season prediction. However, this temporal adjustment is not a guarantee to have 

a consistent spatial pattern of the agronomic variable, because there is no direct spatial constraint on the 

crop model adjustments that optimize the spatialized crop model outputs. Thus, there remains an open 

question when using data assimilation regarding the scale of modeling, i.e. the DAC/forcing/updating 

scale that should be employed. Should the finest scale be selected for modeling the agronomic variable? 

Or an intermediate spatial scale between the finest scale and the field scale? By default, data assimilation 

processes are usually applied at the spatial scale of the acquired ancillary data, but there is little 

justification for this in the literature at the moment. Undeniably, spatial calibration and data assimilation 

are not mutually exclusive and can obviously complement each other regarding the temporal 

characteristics of data assimilation and the spatial characteristics of spatial calibration. Compared to the 

data assimilation method, spatial calibration aims to identify the most suitable spatial scale to model the 

agronomic variable. Thus, an in-season recalibration could be allowed by coupling spatial calibration 

(pre-season) and data assimilation (in-season). 

The relevance of using a spatial calibration approach is also related to the spatial pattern of the 

agronomic variable at the desired modeling date. However, it is not always easy or even possible to have 

spatial information (or spatial variability) of agronomic variables early in the production season and 

spatial patterns are known to be temporally dynamic for many agronomic traits. In the presented work 

of this manuscript (Chapter 4), the relevance of using, or not, a spatial calibration approach was based 
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on the already measured data from a previous production year. Thus, estimating spatial pattern for in-

season production would have been very challenging and this point needs more investigation. Moreover, 

in this case-study, between the two considered production years, durum wheat yield spatial patterns were 

not the same, leading to a different preferable approach to better modeling the considered agronomic 

variable. Therefore, the temporality of the spatial pattern is an important part of the understanding 

needed to really use spatial calibration for prediction in an operational context. For an operational and 

technical use, the spatial calibration approach should be applied and preferably followed by a continuous 

in-season recalibration to better adapt the decision-making based on this spatial pattern temporality.  

5.3.2. Dependencies of the spatial calibration performances 

The proposed zonal approach to spatial model calibration approach was found to be highly dependent 

on the segmentation and zone delineation that was performed at the within-field scale. The criterion on 

which this segmentation was based was selected to try to faithfully reproduce the spatial pattern of the 

agronomic variable. Two issues with zone delineation that affected crop model spatialization were 

clearly highlighted by the studies presented in Chapter 3 and 4. These issues are (i) the choice of 

algorithm used to define management units and (ii) the choice of ancillary data used to generate the 

calibration zones. 

5.3.2.1. Dependence of the spatial calibration regarding the ancillary data characteristics 

When using ancillary data, questions regarding its temporal characteristics need to be considered. The 

choice of ancillary data that is representative of the spatial pattern of the considered agronomic variable 

is not a trivial process. The effectiveness of the spatial calibration is based on the spatial pattern at the 

target date of modeling, which represents a spatiotemporal issue. That is, the relevance of using a spatial 

calibration approach is based on the calibration zones delineated at the beginning of the growing season 

but ultimately dependent on the spatial pattern of the considered agronomic variable at the end of the 

season (which often is the target date of modeling). However, this prediction is not always easy or even 

possible and it could constitute a drawback to using spatial calibration in an operational context. 

Ancillary data will have different temporalities along which their spatial patterns can be considered 

stable. Ancillary data with a relatively stable spatial pattern (e.g. soil data) could be used for several 

years. In contrast, other ancillary data have changing spatial patterns depending on the production year 

or even the timing within a production season (e.g. plant-related variables). Segmentation should reflect 

the objective of the spatialized crop model use, especially depending on whether tactical or strategical 

uses are being considered for the output. The temporality problem is mainly related to the need to obtain 

an accurate (and relevant) segmentation that reflects the spatial pattern of target agronomic variable at 

the target prediction date. Data assimilation is identified as an interesting methodology to tackle this 

issue with in-season recalibration (via forcing or updating) which can better adapt the potentially 

changing spatial pattern of the agronomic variable. 

The correlation between the selected ancillary data and the modeled agronomic variable is also 

an impacting factor to consider. In Chapter 3, the effect of the level of correlation between the ancillary 

data available for calibration zone delineation and the agronomic target was investigated. It revealed 

that ancillary data should be highly correlated to obtain a relevant spatial calibration approach (the 

agronomic variable should also present a significant spatial structure). In reality, high levels of 

correlation between ancillary and production data are not usually achieved in agriculture. For this 

preliminary study, only three levels of correlation where tested, representing a very high, medium and 

very low correlations. Further work is needed to more specifically test the level of correlation needed to 

achieve an effective level of calibration zoning for spatial calibration approaches, and if the level 

identified in simulation studies corresponds to expected correlations in real-world situations. 
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5.3.2.2. Dependence of the spatial calibration regarding the number of ancillary data 

In the results of this PhD project, ancillary data have been shown to have an impact on the spatialized 

crop model performances. High-resolution data remain proxies that do not capture the full complexity 

of agricultural systems. Consequently, a single high-resolution dataset can only account for one 

component as the plant (e.g. remote sensing), the soil (e.g. soil conductivity) or water circulation (e.g. 

topometry). Any combination that takes better account of the complexity of pedoclimatic contexts 

should also be considered. In order to make the right choice of variables adapted to the problem and the 

context, agronomic expertise should also be taken into account at this level. For that reason, several 

ancillary data, relatively correlated with the considered agronomic variable, should be used at the same 

time to have a more accurate segmentation of the field. This may correct the potential spatial pattern 

bias with only one ancillary data and even increase the resulting correlation between the merging of 

several ancillary data and the agronomic variable. Thus, depending on the purpose of the modeling, a 

better estimation of the spatial pattern of the agronomic variable will likely be achieved after collecting 

a high amount of different data (even if in some specific cases only one ancillary data layer may be 

relevant).  

In Chapter 2 and 4, several sources of ancillary data were used for calibration zone delineation, 

although no form of sensitivity analysis on these data layers was performed (only the number of 

calibration zones). Using multiple, well-chosen data sources (e.g. vine size using trunk circumference 

and soil texture using ECa) appeared to be relevant for calibration zone delineation and supported the 

points made in the previous paragraph. 

5.3.2.3. Dependence of the spatial calibration regarding zoning method 

The within-field zoning method also had an impact on the performance of the spatial calibration 

approach. Although, for all the presented works here, only one segmentation algorithm was used, the 

prevalence between the impact of the selected ancillary data and the selected segmentation algorithm is 

an important point to highlight. Regarding the results for the experimental vineyard used in the previous 

chapter, the algorithm was not able to delineate more than five calibration zones. However, a more 

optimal spatial modeling scale could be potentially found with a higher level of segmentation (or even 

with a different delineation realized for a segmentation or classification between 2 and 5 zones). This 

drawback may be attributed to the characteristics of ancillary data available. The choice of the algorithm 

to delineate within-field calibration zones is therefore decisive and must certainly be chosen according 

to the characteristics of the available data and the crop model itself. Note that only a few algorithms are 

available to delineate zones using irregular data (i.e. data which are not collected or interpreted onto a 

defined regular grid). Moreover, using raw data can raise questions about the robustness and reliability 

of the segmentation if the data themselves are noisy. various studies have shown that data classically 

used in precision agriculture can led to different interpretations and spatial structures and consequently 

potentially different delineations of within-field zones (Zhang, 2023). This type of analysis was outside 

the scope of this work, but this aspect deserves attention and, for now, the role of different types of 

algorithms for zoning and/or classifying ancillary data sets into calibration zones remains an area for 

further investigation. 

Related to the increasing number of sensors at the within-field scale, data fusion was identified 

has being important to delineate relevant calibration zones (Mouazen et al., 2014). Some studies have 

also questioned the static characteristics of calibration (management) units in precision agriculture and 

have highlighted the possibility to delineated dynamic zones based on remote sensing data and high-

resolution sensors (Cao et al., 2017; Fontanet et al., 2020). At this point of research, in this manuscript, 

it is difficult to give a crisp answer on the relative importance of zoning (relative to the choice of data 

used) on spatial calibration performances, except to say that it does need to be done properly if spatial 

calibration is to be successful implemented. 
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Delineation of within-field zones using for the spatial calibration are defined as calibration zones 

and not as management zones, usually defined for precision agriculture purposes. Thus, there does not 

necessarily need to be agreement between the delineated calibration zones and the potential management 

zones already defined or potentially applicable for within-field differential management. However, the 

delineation of management units for site-specific crop management in precision agriculture is still 

currently under research even 20+ years after the firsts algorithms were introduced (Bell et al., 1995; 

Corwin and Lesch, 2005; Zhang and Taylor, 2000). Thus, realizing relevant management units is still 

an open question in precision agriculture. Similarly, realizing relevant calibration zones will raise many 

of the same issues and is far from a trivial problem with universal way to proceed at the moment. 

However, the number of management units can only be truly validated after the production season, 

which is often too late to know if the choice was correct. An advantage of calibration zone delineation 

is that their relevance can be more easily estimated. Indeed, the choice of the number of calibration 

zones can be addressed by modeling, if the right metrics are used to evaluate the scaled model prediction. 

Basing the segmentation on both the operational constraints (e.g. swathing widths) and the 

representative spatial pattern of the agronomic variable should improve the use on this methodology in 

decision support tools for practical use by farmers. The spatialized model outputs, that are generated 

based on the calibration zones, could be used as a data set for the delineation of management zones 

(together with other ancillary data). 

5.4. Perspectives for further research 

5.4.1. How to improve spatialized crop models evaluation? 

The proposed SBA score in this manuscript was used for the purpose for which it was designed, namely 

to compare modeling from the same crop model at different spatial modeling scales. The SBA score 

also allows for a relevant evaluation of the aspatial and spatial pattern error. However, it is a first 

generation metric to achieve this. Improving the SBA score is of primary interest to be able to better 

assess the performances of the spatialized crop models at the within-field scale. 

 A first working perspective would be to improve the interpretation of the assessments using the 

SBA. These works will need to first investigate the suitable definition range of the metric allowing for 

a better interpretation. Knowing if the interpretation is relevant as an absolute metric between different 

modeling from different case studies or if the SBA score should be interpreted only as a relative metric 

for a specific, defined situation is of primary interest. This improvement of the interpretation of this 

metric will need more research by using simulated data. Simulation of a large number of fields with 

various characteristics will be needed to be able to properly understand how to interpret all the properties 

of the metric. These simulations should also be useful to provide modifications of this metric as 

necessary. Another potential work perspective will be to transform the relatively qualitative SBA score 

into a quantitative metric (i.e. like a RMSE). Aspatial metrics are interesting because they give a direct 

indication of the uncertainty involved over predicted values. Thus, from an operational point of view, 

this type of evaluation is able to conclude if the crop model can meet the specifications required for a 

considered decision (e.g. quantity of water or nitrogen application). However, the current SBA score is 

not able to give this information. This improvement will allow a more detailed interpretation to directly 

quantify the error in the spatialized crop model output(s) and eventually the error regarding the proposed 

decision. 

5.4.2. How the spatial calibration approach could be improved to increase the 

performances of the spatialized crop model? 

Throughout the work realized during this PhD project, the spatial calibration approach has been applied 

as it was designed, i.e. the same method to delineate calibration zones was used as well as the same 

frequentist approach to calibrate crop models. For the purpose of this work, the spatial calibration 
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approach was used as a downscaling method for modeling agronomic variables at the within-field scale. 

Thus, the objective was not directly to obtain the best modeling but to show that using a spatial 

calibration approach could be beneficial to use existing crop models at the within-field scale. For that 

reason, a segmentation algorithm that was easy to use (and applicable to the considered ancillary data) 

and a basic frequentist approach were chosen. However, it has been shown in this work that 

segmentation algorithm and ancillary data may have a considerable impact on the spatial calibration 

performances. Thus, the performances of the spatial calibration approach are still to be perfected and 

perspective future work should also focus further on finding methods that increase its performances. 

Regarding the delineation of calibration zones, as highlighted previously, this is still an important 

question within the precision agriculture community. That is why, other segmentation/classification 

algorithms should be tested in perspective works. In addition, delineation based on other constraints 

(e.g. operational constraints, farmer knowledge) should also be considered and tested. For the calibration 

approach to estimates crop model parameter values, several studies have applied machine-learning 

algorithms instead of frequentist approaches. Often, these machine-learning approaches are more time 

consuming than frequentist methods. However, some studies have shown that Markov chain Monte 

Carlo simulations could generate better parameter estimations for crop model calibration. Perspective 

future work will focus on the improvement of the performance of the spatial calibration approach by 

applying different within-field calibration zones delineation algorithm and using other methods of 

parameter estimation. 

 In this thesis, all the data sets, that were not simulated data, were measured for other studies for 

other, different purposes. On one hand, it was a great opportunity to realize this PhD project by profiting 

from this valuable data and having real data sets that are representative of data that could be usually 

obtained in a precision agriculture context. However, it is recognized that these data were not collected 

with the objective of model calibration and that this will have introduced some limitations. For example, 

some measurements could also have been made with the aim to make the spatial calibration approach 

more efficient or allow to have more feedback on its performance. A lot of ancillary data used in these 

studies were related to soil variables. These variables were really useful to spatialize crop models 

because soil characteristics are known to present a spatial variability even at within-field scale (Hao et 

al., 2021; Huth et al., 2012). However, increasing the amount of measured ancillary data could allow 

more diversity in the choice at the type of ancillary data used to delineate the calibration zones. Thus, 

another future perspective could be to investigate how to design an acquisition campaign using several 

sensors at the within-field scale to obtain more ancillary data that can potentially improve the spatial 

calibration approach (or give more detailed feedback on its application). Additionally, increasing the 

number of measurements at the within-field scale could allow a better representation of the spatial 

patterns of the considered agronomic variable. Further testing of the theory of spatial calibration will 

likely need even richer, denser data sets than those used here but beyond this, there also lies a question 

of how the spatial calibration approach can be pared back to be relevant to typical, on-farm data sets 

that may not be as rich or as dense as those used for research purposes. 

An underlying question of the PhD project was to investigate if spatialized crop models could 

be used to model agronomic variable at the within-field scale instead of using ‘true’ spatial crop models, 

i.e. more detailed models that incorporate spatial processes. In the results presented here, spatialized 

crop models showed relatively good performances once the best spatial modeling scale was selected. 

However, it was far beyond the scope of this thesis to directly determine the performance of a spatialized 

vs a spatial crop model. Some studies have already used crop models coupled with hydrologic models 

to have a better spatial representation of the modeling, especially related to soil water, and to get closer 

to the concept of a ‘true’ spatial crop models. These coupling were used at rather large scales (watershed 

or territorial scales) by using upscaling process. There is a remaining question and the potential for 

perspective work to compare modeling performances of both spatialized and spatial crop models at the 

within-field scale. This is predicated on spatial crop models being available. These future works could 

show if existing crop models via spatialization processes are still great candidates to be used in a 
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precision agriculture context. Future works could also be related to the agroecology transition, with the 

development of multispecies systems, to investigate if crop models are still relevant in this context. 

Perspective works could also investigate if the use of corrective methods (often used for climate model 

estimations) for downscaled crop model prediction are preferable to a spatial calibration approach to 

obtain reliable agronomic variable modeling at the within-field scale. 

5.4.3. How the spatialized crop models could be involved in more operational 

decision-making in a precision agriculture context? 

The developed methodology for spatial calibration presented in this manuscript was mainly designed 

and applied in a theoretical context. This calibration approach was, however, validated on real case 

studies. The aim of this work was not to directly propose an operational decision-making system but 

rather to address scientific questions related to the application of crop models at a different spatial scale 

to the one that they were originally designed for. Developing an operational methodology to be 

incorporated into a decision support tool dedicated to farmers to help them in their cultural practice 

scheduling remains completely in the scope of precision agriculture purposes. Thus, making spatial 

calibration a routine and robust method in the use of spatialized crop models for agricultural decision 

support is also an envisaged future objective. 

Most crop models take into account a temporal dimension to model the evolution of crop 

systems over time. This is an important aspect for the farmer's tactical decisions (e.g. irrigation, 

fertilization, sanitary management). However, this temporal dimension still presents some questions 

when it comes to spatialize crop models, especially regarding the spatial calibration approach. As it was 

implemented, the spatial calibration approach cannot be used directly in a fully operational context 

dedicated mainly to farmer support. Indeed, the temporality of this method has raised several questions 

regarding its relevance on the date of prediction of the considered agronomic variable. Accurate 

information about spatial patterns at a prediction date is, in most cases, complicated or even impossible 

to obtain for a prediction method that is applied at the beginning of the season. A perspective area of 

work is to improve the temporality of the spatial calibration approach. Data assimilation approaches 

have been identified as having a real potential to improve the spatial calibration approach due to their 

ability to ‘force’ or ‘update’ the modeling process, in regards to some identified state variables, to 

improve the crop model performance. Thus, developing a method based on both spatial calibration and 

data assimilation could potentially allow an in-season recalibration to better define the most relevant 

within-field calibration zones for the considered agronomic variable and related tactical decision. Such 

‘dynamic’ calibration zones could be used to propose cultural managements that best meet crop needs 

at the right time, allowing for a more efficient and sustainable crop management. Thus, coupling spatial 

calibration with the temporal aspects of data assimilation can open up research directions towards the 

design of spatialized crop models fully consistent with the issues raised by precision agriculture. 

However, to be fully used in an operational context, spatial calibration needs to closer from to 

decision-making that is spatially applied at the within-field scale. For that, spatial calibration should be 

based not only on calibration zones, but also on management zones, characteristic of the real within-

field management practices that can be applied by the farmers. Another work perspective is to improve 

the operational use of the spatial calibration to find an optimum between calibration and management 

zones that allows for a reliable and feasible crop management schedule at the within-field scale. 
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Chapter 6 

 

Résumé étendu de la thèse 
 

 

6.1. Introduction, contexte, positionnement et questions scientifiques du 

projet de thèse 

6.1.1. Etat de l’art sur la spatialisation des modèles de culture et sur l’évaluation 

de leur performance prédictive 

Les agrosystèmes sont des systèmes complexes dans lesquels plusieurs interactions biotiques et 

abiotiques se combinent pour influencer la production agricole. Les modèles de culture jouent un rôle 

clé dans la simplification et la compréhension des systèmes agronomiques complexes. Ces modèles sont 

couramment utilisés pour conseiller les agriculteurs, les décideurs politiques et les chercheurs en 

agronomie dans leur processus décisionnel (Jones et al., 2017a; Silva and Giller, 2020). Cependant, tous 

ces acteurs ne sont pas nécessairement intéressés par la modélisation aux mêmes échelles spatiales car 

leurs décisions n'ont pas la même empreinte spatiale, ce qui soulève la question de changement d’échelle 

spatiale dans l’utilisation de ces modèles (Ewert et al., 2011). 

La spatialisation, dans ce projet de thèse, est définie comme l'application d'un modèle de culture 

à une échelle spatiale différente de son échelle native. Les modèles résultant de cette spatialisation sont 

donc considérés comme des modèles spatialisés. Les modèles de culture spatialisés utilisés sont 

couramment utilisés à des échelles spatiales supérieures que l’échelle de leur empreinte spatiale native 

notamment pour prédire des scénarios dans des contextes de changement climatique ou pour estimer 

l'impact d'un changement de pratiques culturales sur les productions agricoles (Asseng et al., 2014; 

Hoffmann et al., 2016; Zhao et al., 2015). Plus particulièrement, les processus de spatialisation de 

réduction d'échelle sont identifiés pour ce projet comme une opportunité d'utiliser les modèles de culture 

existants qui ont été conçus pour une utilisation à l'échelle "moyenne" de la parcelle à d'autres échelles 

de simulation plus fines (intra-parcellaire) sans modification de la structure interne du modèle. Les 

modèles de culture sont donc considérés dans ce projet comme des outils « boîte noire ». Dans ce projet 

de thèse, une attention particulière a été accordée aux modèles de culture mécanistes car ils permettent 

une meilleure compréhension des processus biologiques, physiologiques et physiques associés aux 

variables agronomiques modélisées par rapport aux autres types de modèles. En effet, la question du 

changement de résolution spatiale est particulièrement pertinente pour les modèles de culture 

mécanistes, car les équations décrivant les processus biophysiques des cultures sont généralement 

conçues à l'échelle parcellaire. 

Les modèles de culture spatialisés par réduction d’échelle doivent être capables de maintenir 

une cohérence spatiale de la variable agronomique modélisée à l’échelle intra-parcellaire. La 

performance de ces modèles repose non seulement sur la précision de prédiction des valeurs numériques 

de la variable agronomique considérée mais aussi sur la capacité à reproduire le motif spatial de cette 

variable agronomique. Les métriques classiquement utilisées pour évaluer leur performance ne tiennent 

pas compte explicitement des caractéristiques spatiales des données modélisées, ce qui peut conduire à 

des biais dans l'interprétation de la qualité des modèles de culture spatialisés. Par conséquent, il devrait 

être nécessaire de développer des métriques qui tiennent compte à la fois des erreurs aspatiales et 

spatiales des sorties des modèles spatialisés pour améliorer la pertinence de leur évaluation. 
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6.1.2. Positionnement et questions scientifiques du projet de thèse 

Même si les erreurs potentielles liées à la réduction d’échelle sont encore incertaines, la communauté 

agronomique reconnaît qu'il existe une réelle opportunité d'adapter les modèles de cultures existants 

dans des outils d'aide à la décision (OAD) pour aider les agriculteurs dans la mise en place de pratiques 

en vue de l’agriculture de précision, c'est-à-dire à cette échelle intra-parcellaire (Cheng et al., 2023).  

Les modèles de culture existants sont bien documentés, bien reconnus par la communauté 

agronomique et sont connus pour fonctionner correctement s'ils sont utilisés de manière pertinente. 

Ainsi, repenser la manière d'utiliser ces modèles devrait permettre de tirer avantage des performances 

reconnues de ces modèles ponctuels à l'échelle de la parcelle pour des modélisations à d'autres échelles 

spatiales plus fines. Cela permettrait ne de pas avoir recours à la construction de nouveaux modèles. En 

effet, l'alternative serait de concevoir des modèles de culture « réellement » spatiaux où les unités de 

modélisation spatiales interagiraient et auraient un impact sur la modélisation des unités de modélisation 

spatiale voisines. Cette approche assurerait la reproduction des interactions spatiales potentielles à 

l'échelle intra-parcellaire, mais nécessiterait un changement fondamental dans la structure et les 

équations sous-jacentes du modèle de culture, ce qui représente un lourd processus. Pour cette raison, la 

spatialisation des modèles de cultures est considérée dans ces travaux comme une approche à considérer 

pour les changements d'échelle spatiaux. L’influence des sources de variation stochastique dans les 

entrées des modèles de culture est supposée devenir plus importante lors de la réduction d'échelle. 

Néanmoins, l'effet et les limites de cette variabilité stochastique sur les sorties des modèles spatialisés 

sont encore mal connus. Un compromis entre la finesse de la modélisation et le « bruit » dans les données 

d'entrée à différents niveaux spatiaux est supposé exister. De plus, pour être en mesure de modéliser à 

des échelles intra-parcellaire, les modèles de cultures spatialisés devront généralement s'appuyer sur des 

données auxiliaires à haute résolution pour améliorer leurs performances, en particulier dans l'étape de 

calibration. 

L’évaluation des performances de ces modèles de culture spatialisés doit pouvoir être menée en 

comparant des résultats de modélisation à différents niveaux d'échelle spatiale. Cependant, des 

métriques pertinentes pour pouvoir évaluer ces performances sont nécessaires et n’ont pas été identifiées 

dans la littérature scientifique. Ces potentielles métriques permettraient notamment d’évaluer la 

pertinence d'utiliser les modèles de culture existants à des échelles intra-parcellaires et d'identifier 

l'échelle de simulation la plus performante. Sur ce constat, la problématique de recherche générale de ce 

projet de thèse est donc appuyée sur : 

La spatialisation des modèles de cultures existants, par l’utilisant de processus de réduction 

d’échelle spatiale, est-elle envisageable et pertinente pour leur utilisation à des échelles intra-

parcellaires ? 

L'objectif de ce projet de thèse était de mener une première analyse et de développer des outils 

pour la spatialisation des modèles de culture existants à l'échelle intra-parcellaire à des fins d'agriculture 

de précision. Une première étape théorique a été jugée nécessaire pour établir les bases de l'évaluation 

des performances des modèles de culture spatialisés (mécanistes). Les façons d'évaluer ces modèles de 

cultures à différentes échelles devaient être investiguées, et éventuellement repensées, pour tenir compte 

à la fois des erreurs aspatiales et spatiales. Une seconde étape a été de s’interroger sur la pertinence de 

la réduction d’échelle des modèles de culture par l’utilisation d’une approche de calibration spatiale. 

Plusieurs études de cas ont été menées dans ce sens pour tester différentes hypothèses associées à la 

spatialisation de modèles de culture. L'intention n'était pas de tirer des conclusions générales sur la 

spatialisation des modèles de culture, mais de formaliser ce concept dans un contexte d'agriculture de 

précision et de construire une base pour de futures recherches pour une utilisation tactique et à l’échelle 

intra-parcellaire de ces modèles plutôt que sur leur utilisation stratégique telle qu’actuellement 

practiquée. Ainsi, par rapport à la problématique de recherche générale et les points soulignés ci-dessus, 
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deux questions scientifiques principales ont été identifiées et détaillées en plusieurs sous-questions 

scientifiques plus spécifiques : 

(I) Comment effectuer une évaluation et une comparaison pertinentes des performances des 

modèles de culture spatialisés à différentes échelles spatiales ? 

(i) Les méthodes actuellement utilisées pour évaluer les performances des modèles de culture 

spatialisés sont-elles efficaces ? 

(ii) La prise en compte de la composante spatiale des sorties du modèle améliore-t-elle son 

évaluation ? 

(II) La calibration spatiale de paramètres spécifiquement sélectionnés du modèle de culture est-

elle une méthode efficace de réduction d'échelle des modèles existants pour permettre la 

modélisation à l'échelle intra-parcellaire ? 

(i) La délimitation des unités de gestion potentielles à partir de données auxiliaires à haute 

résolution peut-elle aider à une approche de calibration spatiale ? Comment la relation 

entre les données auxiliaires et la variable agronomique d'intérêt influence-t-elle cela ? 

(ii) Existe-t-il un compromis entre l'échelle spatiale de modélisation à l'échelle intra-

parcellaire et le bruit apporté par les erreurs de mesure des données utilisées pour l'étape 

de calibration et d'évaluation des modèles de culture spatialisés ? 

(iii) La complexité des modèles de culture augmente-t-elle la difficulté de réduction 

d’échelle de leurs prédictions ? 

Les jeux de données utilisés au cours de cette thèse avaient déjà été acquis en amont pour des 

études antérieures. Le premier jeu de données utilisé est lié à des observations spatio-temporelles de 

l'état hydrique de la vigne (par mesure de potentiels hydriques foliaires : ΨPD) au sein d'un vignoble 

expérimental de Syrah (Vitis vinifera cv. Syrah) de 1,2 ha à Pech Rouge (43.144°N, 3.131°E, Gruissan, 

Aude, France) (Acevedo-Opazo, 2003). Le second jeu de données utilisé concerne une parcelle de blé 

dur (Triticum durum Desf. cv. Gargano) expérimentale de 12 ha de la CREA (Centre de recherche sur 

les cultures céréalières et industrielles) près de Foggia (41.462°N, 15.506°E, Italie). Les travaux réalisés 

ont été conduits avec deux modèles de culture. Leur capacité à modéliser les variables agronomiques 

mesurées dans les jeux de données et leur niveau de complexité différent ont été un choix déterminant 

dans leur sélection (la complexité étant définie par le nombre d'équations internes et le nombre de 

données d’entrée nécessaires). Les modèles retenus ont été WaLIS (Water balance for Intercropped 

System) (Celette et al., 2010) comme modèle de culture simple pour modéliser ΨPD et APSIM 

(Agricultural Production Systems sIMulator) (Holzworth et al., 2014) comme modèle de culture 

relativement plus complexe pour modéliser le rendement du blé dur. 

Le premier chapitre décrit le contexte général (Article 1) et les questions scientifiques 

spécifiques abordées dans le projet de thèse. Les recherches présentées dans la suite du manuscrit sont 

divisées en deux thématiques principales. La première thématique aborde les concepts théoriques liés à 

une évaluation pertinente des performances des modèles de culture spatialisés. La pertinence et la 

fiabilité de conduire cette évaluation par l’utilisation de métriques aspatiales et spatiales classiquement 

utilisées ont été investiguées (Article 2). Une nouvelle métrique conçue pour évaluer les modèles de 

culture spatialisés par l’estimation simultanée de l’erreur aspatiale et de l’erreur basée sur le pattern 

spatial a aussi été proposée (Article 3). La seconde thématique aborde des concepts plus pratiques. Un 

chapitre est consacré à l'utilisation d’une méthode de calibration spatiale afin d'étudier et de mieux 

comprendre la pertinence d'utiliser une telle approche sur des modèles de cultures (Article 4). Le second 

chapitre de cette partie est une étude transversale qui aborde la spatialisation et l'utilisation d'un modèle 

de culture complexe à des échelles intra-parcellaires (Article 5). Le dernier chapitre est consacré à une 
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discussion et aux perspectives de l'utilisation future de modèles de cultures spatialisés à des échelles 

intra-parcellaires à des fins d'agriculture de précision. 

6.2. Parvenir à une évaluation pertinente de la performance des modèles 

de culture spatialisés lors de la simulation de variables agronomiques 

à des échelles variables 

6.2.1. Objectif du chapitre 

Le but de ces travaux de recherche était double. Le premier objectif a été de montrer que les métriques 

actuellement utilisées pour l’évaluation, qu’elles soient aspatiales ou spatiales, ne sont pas 

nécessairement les plus pertinentes pour l’évaluation des performances des modèles de culture 

spatialisés. Ces travaux s'appuient sur des données réelles d'un vignoble expérimental dans un contexte 

opérationnel de conduite de la viticulture de précision. Sur la base des résultats de ces travaux 

préliminaires, une nouvelle métrique, le Spatial Balanced Accuracy (SBA) a été proposée. Cette 

métrique est capable de prendre en compte l'erreur aspatiale et l’erreur basée sur le pattern spatial dans 

les sorties de modèle de culture spatialisés (et plus globalement des modèles spatiaux). La pertinence de 

cette métrique a été testée sur des données simulées. 

6.2.2. Comparaison de différentes métriques pour évaluer la performance des 

modèles de culture spatialisés à différentes échelles intra-parcellaires 

Date 
ΨPD observé ΨPD modélisé 

site site 5 zones 4 zones 3 zones 2 zones parcelle 

09.06.2004 
08.07.2004 

05.08.2004 

 

      

BA - 1 1 1 1 1 1 

18.08.2004 

     

  

BA - 0,56 0,83 0,77 0,77 0,47 0,52 

23.08.2004 

  

  

 

 

 

BA - 0,43 0,46 0,46 0,46 0,46 0,46 

10.09.2004 

 

     

 

BA - 0,48 0,48 0,48 0,48 0,48 0,48 

Figure 6.1 Evaluation en contexte opérationnel de cartes d'irrigation intra-parcellaire en fonction de la 

date et de la valeur du potentiel hydrique foliaire (ΨPD) résultant des données observées et des données 

modélisées à différentes échelles spatiales. BA = Balanced Accuracy. Résultats extraits de Pasquel et al 

(2022b). 
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Les métriques aspatiales (RRMSE et D-index) et spatiales (Cambardella index et Z-score) testées ne se 

sont pas révélées être les plus pertinentes pour l’évaluation des modèles de culture spatialisés.  En effet, 

l’interprétation de chacune de ces métriques a indiqué des échelles de modélisation spatiales différentes 

comme étant la plus performante. Néanmoins, l’évaluation en contexte opérationnel, via l’utilisation de 

la Balanced Accuracy s’est révélée être un bon compromis pour une évaluation plus pertinente des 

modèles de culture spatialisés (Figure 6.1). 

6.2.3. Présentation de la métrique Spatial Balanced Accuracy (SBA) 

La construction d’une métrique permettant d’évaluer à la fois l’erreur aspatiale et l’erreur basée sur les 

motifs spatiaux de la variable considérée s’est avérée est primordiale. Le Spatial Balanced Accuracy 

(SBA) a été proposé. Cette métrique repose principalement sur une adaptation de l’analyse de 

connectivité (Figure 6.2), méthode habituellement utilisée dans le domaine de l’hydrologie (Koch et al., 

2017). Cette métrique (i) permet une évaluation pertinente des modèles de culture spatialisés par la prise 

en compte des erreurs aspatiales et spatiales, (ii) est basée sur une approche automatisable et robuste, 

(iii) permet l’identification de la modélisation la plus performante parmi un ensemble de modélisation 

à différentes échelles spatiales et (iv) peut être utilisée quel que soit le contexte agronomique ou l’échelle 

spatiale de modélisation considérés. L’évaluation des motifs spatiaux plutôt que de la structure spatiale 

des variables considérées a été jugé pertinente car l’application des pratiques agricoles pour l’agriculture 

de précision se réalise sur les motifs spatiaux observables. La structure spatiale des variables étant 

principalement réservée à une caractérisation et une synthétisation de l’information apportée par les 

motifs spatiaux (ainsi une même structure spatiale peut donner plusieurs motifs spatiaux différents). 

Figure 6.2 Représentation du calcul de le Spatial Balanced Accuracy (SBA). (a.) Cartes d'une variable 

agronomique observée et modélisée résultant de différents modèles de culture spatialisés. (b.) Cartes 

binaires générées pour les cartes observées et modélisées calculées pour les seuils des 10e, 25e, 50e, 75e 

et 95e centiles sur toute la plage de données observées et modélisées. BA est calculée pour chaque seuil 

de centile considéré (valeurs en indice) et SBA est calculée pour chaque modélisation (valeurs en 

exposant). Schéma extrait de Pasquel et al (2023). 

6.2.4. Validation de la métrique SBA 

La comparaison avec d’autres métriques a été faite afin de montrer la pertinence du SBA pour 

l’évaluation des modèles de culture spatialisés (Tableau 6.1). Cette comparaison a été menée sur des 

données simulées. Le SBA a été la seule métrique capable d’identifier de manière claire (une seule 

modélisation identifiée) la modélisation la plus performante. Ainsi, ces travaux ont montré que le SBA 

était capable de prendre en compte les motifs spatiaux, contrairement au RMSE et au RMSEvario, 
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respectivement basés sur l’évaluation de l’erreur aspatiale et sur l’évaluation de la structure spatiale. 

Mais le SBA peut également prendre en considération l’erreur aspatiale si les motifs spatiaux des 

modélisations sont identiques, contrairement au RMSEcon. 

Tableau 6.1 Comparaison de différentes métriques pour identifier la modélisation théorique la plus 

performante. Modification par rapport au données observées : (A) ajout d’un bruit aléatoire, (B) ajout 

du même bruit de manière positive par rapport aux données observées, (C) ajout du même bruit de 

manière positive par rapport aux données observées avec ajout d’un biais numérique, (D) translation du 

motif spatial de 10 pixels et (E) données modélisées ayant la même structure spatiale mais des motifs 

spatiaux différents. Chaque valeur indiquée a été calculée entre les données observées et modélisées. 

Résultats extraits de Pasquel et al (2023). 

Donnée Modèle A Modèle B Modèle C Modèle D Modèle E 

RMSE 9.90 9.90 26.63 14.10 17.90 

RMSEvario 106.49 317.87 317.87 21.67 9.14 

RMSEcon 0.16 0.05 0.05 0.17 0.10 

SBA 0.18 0.04 0.17 0.37 0.50 

 

6.3. Focus une approche de calibration spatiale comme processus de 

réduction d’échelle pour spatialiser les modèles de culture 

6.3.1. Objectif du chapitre 

Les travaux de recherche présentés dans ce chapitre visaient à étudier la pertinence d'utiliser une 

approche de calibration spatiale en fonction des caractéristiques d’une variable agronomique considérée. 

L'objectif était ici de comprendre si une calibration spatiale pouvait améliorer et optimiser les 

performances des modèles de culture spatialisés. Cette pertinence a été étudiée en fonction des 

caractéristiques de la donnée agronomique : (i) sa structure spatiale, (ii) sa variabilité et (iii) sa 

corrélation avec une donnée auxiliaire associée qui a servi à spatialiser (zoner) la parcelle à différentes 

échelles spatiales. Du fait de la contrainte technique de ces travaux nécessitant beaucoup de parcelles 

différentes avec des caractéristiques propres identifiées, l’étude a été en partie menée sur des données 

simulées. 

6.3.2. Présentation de la méthode de calibration spatiale comme processus de 

réduction d’échelle des modèles de culture spatialisés 

La méthode de calibration spatiale considérée dans ces travaux vise, en plus de l’ajustement des 

paramètres du modèle de culture afin de réduire l’écart entre les données observées et modélisées, à 

réduire l’échelle de prédiction du modèle à l’échelle intra-parcellaire. Cette méthode nécessite 

différentes étapes (Figure 6.3). Premièrement, des données auxiliaires, dont les motifs spatiaux sont 

représentatifs de ceux de la variable agronomique considérée, sont utilisées pour réaliser des zones de 

calibration intra-parcellaires. La délinéation de ces zones de calibration repose sur l’utilisation d’un 

algorithme de segmentation. Au cours des travaux menés, afin de montrer la pertinence de la méthode 

de calibration spatiale considérée, plusieurs niveaux de zonage intra-parcellaire ont été réalisés afin 

d’identifier le plus performant pour la modélisation de la variable agronomique. A la différence d’un 

processus de calibration classique (c’est-à-dire à l’échelle des sites de mesure ou de la parcelle), qui ne 

prendrait pas en considération les caractéristiques spatiales des données, la calibration spatiale proposée 

ici contraint spatialement le processus de calibration des paramètres du modèle afin d’assurer la 

reproduction des motifs spatiaux de la variable agronomique. 
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Figure 6.3 Approche de calibration spatiale pour la réduction d’échelle des modèles de culture pour la 

prédiction intra-parcellaire d’une variable agronomique. Différentes échelles de modélisation sont 

considérées : l'échelle d'observation des sites de mesure, des échelles intermédiaires intra-parcellaire (ici 

ce 2 à 20 zones) définies avec des données auxiliaires. L'empreinte spatiale native du modèle de culture 

est représentée en bleu et correspond à l'échelle de la parcelle. L'échelle du site de mesure correspond à 

l'échelle d'observation d'origine. Les flèches grises correspondent au processus de changement d’échelle 

associé à l’agrégation des données observées à des échelles spatiales supérieures en tant que données 

d’entrée du modèle. La calibration spatiale est effectuée à cette échelle d'entrée. Schéma extrait de 

Pasquel et al (2022b). 

6.3.3. Quels sont les déterminants de la performance d’un modèle de culture 

spatialisé à l’échelle intra-parcellaire par processus de réduction 

d’échelle ? 

L'approche de calibration spatiale améliore les performances du modèle de culture spatialisé par rapport 

à une approche de calibration classique (à l'échelle de la parcelle ou des sites de mesure), en particulier 

lorsque la variable agronomique présente une forte structure spatiale et une corrélation élevée avec les 

données auxiliaires (Figure 6.4). L'utilisation d'une approche de calibration classique ou d'une approche 

de calibration spatiale étaient dans la plupart des cas équivalentes (en particulier pour les variables 

agronomiques à faible variabilité). Cependant, une attention particulière doit être portée lorsque la 

variable agronomique est très variable et que la structure spatiale est modérée ou faible. Dans ces cas, 

la calibration spatiale pourrait détériorer de manière significative les performances du modèle de culture 

par rapport à une approche classique, de sorte qu'une approche de calibration classique devrait être 

préférée dans ces situations. 
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Figure 6.4 Pertinence de l'utilisation d'une calibration spatiale par rapport à une calibration classique 

par rapport à la différence de SBA pour différentes échelles spatiales de modélisation avec WaLIS. La 

significativité des différentes modalités a été estimée avec un test de Tukey (modalités avec des lettres 

différentes) et correspond à une amélioration ou une détérioration significative du modèle de culture 

spatialisé (représenté par *). σΨ correspond à la variabilité de ΨPD, S, M et W correspondent aux 

modalités de structure spatiale SSΨ (respectivement forte, modérée et faible), 10, 50 et 94 correspondent 

à la corrélation des données auxiliaires ϱAD (respectivement 10%, 50% et 94%). 

6.4. Effet de l’échelle de simulation sur la pertinence d’utilisation des 

modèles de culture spatialisés par réduction d’échelle à un niveau 

intra-parcellaire 

6.4.1. Objectif du chapitre 

L'objectif était d'agréger tous les travaux antérieurs réalisés dans le cadre du projet de thèse et de les 

appliquer à une étude de cas réelle. Ce chapitre vise à présenter un travail de recherche sur l’étude du 

comportement d'un modèle de culture complexe utilisé avec une méthode de réduction d'échelle pour 

simuler une variable agronomique à l'échelle intra-parcellaire. Ceci dans le but de voir si l'utilisation 

d'un tel modèle de culture (ici APSIM) représente une opportunité pour la prédiction dans un contexte 

d'agriculture de précision (dans la cadre de la modélisation de rendement de blé dur). 

6.4.2. Utilisation du SBA et de l’approche de réduction d’échelle par calibration 

spatiale appliquées à une cas d’étude sur un modèle de culture complexe 

Selon l'année de calibration, l'utilisation de l’approche de calibration spatiale s'est avérée plus ou moins 

pertinente. Lorsque le rendement de blé dur de l'année d'évaluation était spatialement structuré, 

l'approche de calibration spatiale a permis d'optimiser les performances du modèle de culture spatialisé. 
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En effet, les contraintes spatiales associées à la calibration spatiale ont permis de reproduire la structure 

spatiale du rendement du blé dur. Cependant, lorsque le rendement de l'année d'évaluation était 

relativement homogène, une approche de calibration classique à l'échelle de la parcelle a montré la 

modélisation la plus performante (Figure 6.5). Ainsi, dans un cas relativement homogène, la calibration 

spatiale a augmenté l'incertitude de calibration et a conduit à une diminution de la performance de 

APSIM par rapport à une modélisation à son empreinte spatiale native, c'est-à-dire à l'échelle de la 

parcelle. Ces résultats corroborent les résultats précédemment obtenus dans le manuscrit. En effet, il a 

été montré qu'avec une variable agronomique ayant une forte structure spatiale et des données auxiliaires 

corrélées, la calibration spatiale pouvait améliorer les performances de modélisation, c'est-à-dire qu'il 

était pertinent d'utiliser cette approche. Cependant, lorsque la structure spatiale de la variable 

agronomique est faible, une approche de calibration classique doit être préférée car les performances du 

modèle de culture spatialisé sont meilleures. 

Figure 6.5 Exemple de résultats obtenus avec la version spatialisées d’APSIM. Motifs spatiaux du 

rendement du blé dur pour (a.) les données observées de 2007-2008 et les données modélisées par 

APSIM calibré sur les données de 2005-2006 pour différentes échelles de modélisation : (b.) parcelle, 

(c.) 2 zones, (d.) 3 zones, (e.) 4 zones, (f.) 5 zones, (g.) 10 zones, (h.) 15 zones, (i.) 20 zones et (j.) sites 

de mesure. 
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6.5. Discussion et perspectives 

Une première approche a permis d’établir les connaissances existantes et les lacunes concernant les 

processus de spatialisation des modèles de culture et des méthodes d'évaluation des performances des 

modèles spatialisés. Une clarification des méthodes utilisées pour réduire l’échelle de prédiction de ces 

modèles a donc été apportée. Cette approche a également permis d'identifier les métriques, à la fois 

aspatiales et spatiales, qui sont utilisées dans la littérature scientifique à ce jour pour évaluer les 

performances de tels modèles. 

Les métriques identifiées dans la littérature se sont révélées imparfaites pour évaluer les 

performances des modèles de culture spatialisés. Dans ce but, le Spatial Balanced Accuracy (SBA) a été 

développé. Il s’agit d’une métrique plus pertinente et robuste pour l’évaluation des modèles de culture 

spatialisés. Il se base sur les erreurs aspatiales définies à partir des motifs spatiaux. Plus précisément, le 

SBA a été conçu pour comparer plusieurs échelles spatiales de modélisation en classant les sorties du 

modèle spatialisé pour trouver l’échelle spatiale la plus appropriée pour estimer une variable 

agronomique avec la meilleure résolution possible. Néanmoins, au stade actuel de développement, il est 

préférable de n'utiliser cette métrique que pour comparer des modélisations provenant d’une même 

parcelle. Ainsi, le SBA est, pour l'instant, proposé comme une métrique relative, c'est-à-dire qu’il doit 

être utilisé pour évaluer la spatialisation d'un modèle de culture dans une situation donnée, et non entre 

différents modèles ou différents scénarios. L'amélioration du SBA est d'un intérêt primordial pour 

pouvoir juger des performances des modèles de culture spatialisés à l'échelle intra-parcellaire. Une 

première perspective de travail serait d’améliorer l’interprétabilité du SBA (comme l’étude de la plage 

de définition). Une autre perspective consistera à transformer le SBA relativement qualitatif en une 

métrique quantitative. Cette amélioration permettra d'avoir une interprétation plus détaillée permettant 

de quantifier directement l'erreur des modèles de culture spatialisés. 

Une approche de calibration spatiale a été identifiée comme ayant un fort potentiel pour être 

utilisée comme méthode de réduction d'échelle pour spatialiser les modèles de culture à l'échelle intra-

parcellaire. Les premiers résultats issus de ces travaux ont permis d'identifier la pertinence d'utiliser une 

telle approche par rapport aux caractéristiques de la variable agronomique d'intérêt (structure/motifs 

spatiaux et variabilité) et sa corrélation avec les données auxiliaires utilisées pour délimiter les zones de 

calibration. Les résultats ont montré que dans certains cas, l'utilisation de la calibration spatiale améliore 

les performances de modélisation des modèles de culture spatialisés. La pertinence d’une approche de 

calibration spatiale est liée aux motifs spatiaux de la variable agronomique à la date de modélisation 

souhaitée. Cependant, il n'est pas toujours facile ou même possible d'avoir des informations spatiales de 

ces variables au début de la saison de production et les motifs spatiaux sont connus pour être changeant 

dans le temps pour de nombreuses variables agronomiques, ce qui soulève un problème de temporalité 

de la méthode de calibration proposée. Une méthode fréquemment utilisée pour la réduction d’échelle 

des modèles de culture est l’assimilation de données. Une force de cette méthode est la temporalité 

précise autorisée pour l'estimation de l'état de croissance des cultures. Avoir des observations liées à 

l’évolution d’une variable d'état des cultures à plusieurs reprises au cours de la saison devrait permettre 

de réajuster le modèle au cours du temps dans le but d'améliorer la prédiction. Indéniablement, la 

calibration spatiale et l'assimilation de données ne s'excluent pas mutuellement et pourraient même se 

compléter. L'assimilation de données permettant un réajustement temporel grâce à leur capacité à 

« forcer » ou « mettre à jour » le processus de calibration pendant le processus de modélisation et la 

calibration spatiale permettant de contraindre spatialement la modélisation par la définition de zones de 

calibration propre à la variable agronomique considérée. Une perspective de travail est donc d'améliorer 

la temporalité de la méthode de calibration spatiale par l’assimilation de données. Ainsi, le couplage de 

la calibration spatiale avec l'aspect temporel de l'assimilation des données pourrait rendre les modèles 

spatialisés de cultures pleinement cohérents avec les enjeux soulevés par l'agriculture de précision et 

redéfinissant des zones de calibration plus proches des besoins de la culture. 
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L'approche de calibration proposée pour les modèles spatialisés s'est avérée fortement 

dépendante de la segmentation et de la délimitation des zones à l'échelle intra-parcellaire. Le critère sur 

lequel repose cette segmentation est d'un intérêt primordial pour obtenir la meilleure modélisation 

possible en reproduisant le plus fidèlement les motifs spatiaux de la variable agronomique. Cela repose 

principalement sur le choix de l'algorithme utilisé pour définir les zones de calibration et sur le choix 

des données auxiliaires utilisées. La délimitation des zones intra-parcellaires, est toujours source de 

questionnement au sein du domaine de l'agriculture de précision. C'est pourquoi, d'autres algorithmes 

de segmentation seront utilisés dans les futurs travaux entrepris. Lors de l'utilisation de données 

auxiliaires, les questions concernant leurs caractéristiques temporelles doivent également être prises en 

compte. Certaines données auxiliaires peuvent être considérées stables sur plusieurs années après leur 

mesure (données de sol). En revanche, d'autres données auxiliaires ont des motifs spatiaux changeant 

en fonction de l'année de production (variables liées aux cultures) voire au cours d’une même saison. 

Ainsi, la segmentation devrait être effectuée sur des données auxiliaires ayant des temporalités 

différentes ce qui pourrait être testé dans de prochains travaux. 

Un autre point important de l'approche de calibration spatiale est la sélection des paramètres du 

modèle qui sont les plus susceptibles d'avoir un impact spatial significatif sur les performances du 

modèle de culture spatialisé. Dans ce manuscrit, la plupart des paramètres considérés comme spatiaux 

étaient liés aux caractéristiques du sol. Ces paramètres sont connus pour être spatialement variables 

même à l'échelle intra-parcellaire et peuvent avoir un réel impact sur la modélisation. Néanmoins, dans 

le but d’améliorer les performances de la calibration spatiale, un travail en perspective pourrait être de 

concevoir une campagne d'acquisition de données utilisant différents capteurs à l'échelle intra-

parcellaire pour obtenir plus de données auxiliaires plus variées (microclimat, disponibilité des 

nutriments). De plus, augmenter le nombre de mesures à l'échelle intra-parcellaire permettrait une 

meilleure représentation des motifs spatiaux de la variable agronomique considérée (ou des données 

auxiliaires avec lesquelles elle est corrélée). 

Dans ce manuscrit, la calibration spatiale et le SBA ont permis d'identifier quelle échelle de 

modélisation spatiale était la plus pertinente pour reproduire à la fois les caractéristiques aspatiales et 

spatiales de la variable agronomique à modéliser. Ces approches ont été utiles pour optimiser les 

performances des modèles de culture spatialisés et évaluer leur performance. Cependant, à ce stade, 

étant donné qu'il s'agit d'une première étude, une généralisation des résultats ne doit pas être faite au-

delà des études de cas traitées dans le cadre de ce document de thèse. Des recherches complémentaires 

restent nécessaires pour être en mesure de préconiser leur utilisation sur un plus grand nombre de cas. 

L’utilisation des travaux de spatialisation menés dans ce projet ont pour objectif d’être à terme, 

utilisés de manière opérationnelle. Cependant, pour satisfaire cet objectif, la calibration spatiale doit se 

rapprocher de la prise de décision appliquée à l'échelle intra-parcellaire. Pour cela, la calibration spatiale 

devrait s'appuyer non seulement sur des zones de calibration mais aussi sur des zones de gestion 

caractérisant la véritable gestion intra-parcellaire appliquée par les agriculteurs. Ainsi, une autre 

perspective serait d'améliorer l'utilisation opérationnelle de la calibration spatiale afin de trouver un 

optimum entre les zones de calibration et celles de gestion permettant un plan de gestion des cultures 

fiable et réalisable à l'échelle de la parcelle. 
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Appendix A: Supplementary data of the 

Chapter 3 
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Appendix B: Supplementary data of the 

Chapter 4 

Figure S.B1 Different possibilities of fractions of plant available water able to be extracted (KL) from 

soil profiles for the durum wheat biomass calibration. KL is a soil characteristic related to extractable 

water. KL soil profiles are defined from profiles with little extractable water (A) to abundant extractable 

water (D). PAW = plant available water. 

 

 
Figure S.B2 Different possibilities of soil hydraulic limits profiles for the durum wheat yield calibration. 

Difference between the crop lower limit (CLL) and drained upper limit (DUL) define the available soil 

water. Soil hydraulic limits profiles are defined from profiles with abundant available water (1) where 

the difference between CLL and DUL is large to profiles with little available water (3) where the 

difference between CLL and DUL is reduced. PAW = plant available water. Right numbers refer to soil 

layer number. Lines refer to soil hydraulic limits: AD = air dry moisture content, LL15 = lower limit 

soil moisture at -1.5 MPa, SW = soil water and SAT = soil water at saturation. Each point refers to the 

soil hydraulic limit value for the corresponding layer in volumetric water content. 
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Figure S.B3 Maps of spatially calibrated fraction of extractable plant available water (KL) profiles for 

each simulation scale on the 2007-2008 data: (a.) field scale, (b.) 2-zone scale, (c.) 3-zone scale, (d.) 4-

zone scale, (e.) 5-zone scale, (f.) 10-zone scale, (g.) 15-zone scale, (h.) 20-zone scale and (i.) site-scale. 

Note that the A and D KL profiles are respectively the profiles with the least and most extractable water 

(more details on KL profiles are shown in Figure S.1). 

 

 

Figure S.B4 Maps of spatially calibrated drained upper limit (DUL) profiles for each simulation scale 

on the 2007-2008 data: (a.) field scale, (b.) 2-zone scale, (c.) 3-zone scale, (d.) 4-zone scale, (e.) 5-zone 

scale, (f.) 10-zone scale, (g.) 15-zone scale, (h.) 20-zone scale and (i.) site-scale. Note that the 1 and 3 

DUL profiles are respectively the soil profiles with the most and least available soil water (more details 

on DUL profiles are shown in Figure S.2). 
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Figure S.B5 Maps of soil hydraulic limits (SHL) profiles represented by difference between crop lower 

limit (CLL) and drained upper limit (DUL) on the first layer for each simulation scale: (a.) field scale, 

(b.) 2-zone scale, (c.) 3-zone scale, (d.) 4-zone scale, (e.) 5-zone scale, (f.) 10-zone scale, (g.) 15-zone 

scale, (h.) 20-zone scale and (i.) site-scale. The organic carbon in % (OC%) showed the same spatial 

patterning and utilized the same transfer function shape. The OC% maps were identical to the CCL-

DUL maps with the legend ranging from 1.05% (minimum) to 1.83% (maximum) OC in the profile. 

They are not reproduced. 

 
Figure S.B6 Comparison between observed and calibrated durum wheat biomass from APSIM for 

prediction in 2007-2008 (calibrated on 2005-2006 data) for different modeling scales: (a.) field scale, 

(b.) 2-zone scale, (c.) 3-zone scale, (d.) 4-zone scale, (e.) 5-zone scale, (f.) 10-zone scale, (g.) 15-zone 

scale, (h.) 20-zone scale and (i.) site-scale. Root mean square errors (RMSE) are in kg.ha-1. 
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Figure S.B7 Comparison between observed and calibrated durum wheat yield from APSIM for 

prediction in 2007-2008 (calibrated on 2005-2006 data) for different modeling scales: (a.) field scale, 

(b.) 2-zone scale, (c.) 3-zone scale, (d.) 4-zone scale, (e.) 5-zone scale, (f.) 10-zone scale, (g.) 15-zone 

scale, (h.) 20-zone scale and (i.) site-scale. Root mean square errors (RMSE) are in kg.ha-1. 

 

 
Figure S.B8 Comparison between observed and calibrated durum wheat biomass from APSIM 

prediction in 2005-2006 (calibrated on 2007-2008 data) for different modeling scales: (a.) field scale, 

(b.) 2-zone scale, (c.) 3-zone scale, (d.) 4-zone scale, (e.) 5-zone scale, (f.) 10-zone scale, (g.) 15-zone 

scale, (h.) 20-zone scale and (i.) site-scale. Root mean square errors (RMSE) are in kg.ha-1. 
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Figure S.B9 Comparison between observed and calibrated durum wheat yield from APSIM prediction 

in 2005-2006 (calibrated on 2007-2008 data) for different modeling scales: (a.) field scale, (b.) 2-zone 

scale, (c.) 3-zone scale, (d.) 4-zone scale, (e.) 5-zone scale, (f.) 10-zone scale, (g.) 15-zone scale, (h.) 

20-zone scale and (i.) site-scale. Root mean square errors (RMSE) are in kg.ha-1. 

 

 
Figure S.B10 Comparison between observed and modeled durum wheat yield from APSIM prediction 

in 2005-2006 data (calibrated on 2007-2008 data) for different modeling scales: (a.) field scale, (b.) 2-

zone scale, (c.) 3-zone scale, (d.) 4-zone scale, (e.) 5-zone scale, (f.) 10-zone scale, (g.) 15-zone scale, 

(h.) 20-zone scale and (i.) site-scale. 
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Figure S.B11 Comparison between observed and modeled durum wheat yield from APSIM predictions 

in 2007-2008 data (calibrated on 2005-2006 data) for different modeling scales: (a.) field scale, (b.) 2-

zone scale, (c.) 3-zone scale, (d.) 4-zone scale, (e.) 5-zone scale, (f.) 10-zone scale, (g.) 15-zone scale, 

(h.) 20-zone scale and (i.) site-scale. 

 

 

Table S.B1 APSIM cultivar parameters aspatially calibrated for the 2005-2006 and 2007-2008 

production years. 

Cultivar parameter Calibration on 2005-

2006 

Calibration on 2007-

2008 

Target thermal 

time 

Emergence 180 GDD 200 GDD 

End of juvenile 150 GDD 100 GDD 

Flowering 400 GDD 450 GDD 

Start grain filling 450 GDD 500 GDD 

Maturity 30 GDD 35 GDD 

Leaf area 

growth 

Maximum specific leaf area 16000 – 14000 22000 - 20000 

Minimum specific leaf area 13000 19000 

Seed growth Number of grains per stem 39 36 

Maximum grain size 0.035 g 0.02 g 

Potential grain growth rate 0.0005 0.0004 

 

 

Table S.B2 APSIM soil parameters aspatially calibrated for the both production years 2005-2006 and 

2007-2008. 

Soil property Layer 1 2 3 4 5 6 7 

XF  1 1 1 1 1 1 1 

FBiom  0.03 0.03 0.015 0.015 0.01 0.01 0.01 

FInert  0.4 0.4 0.45 0.5 0.7 0.99 0.99 
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