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Extended Abstract

Introduction: Crop growth models are convenient tools for understanding“and predicting the
interactions between crop growth, environmental conditions, and land management practices such as
irrigation (Servin-Palestina et al., 2022; Li et al., 2023). The. crop. models comprise several
computational stages and parameters along with climate, soil, crop, management, temperature, salinity,
fertility, and water stress conditions (Akbari et al., 2024b). These factors can significantly challenge
model calibration, even potentially leading to uncertainties in.the results (Guo et al., 2019).

To successfully run a crop simulation model, the selected model needs to be calibrated with accurate
crop model parameters based on local soil conditions, weather, management practices, and other
conservative/non-conservative parameters that may be difficult to-measure locally (Shan et al., 2021).
To address this challenge, it demands a spatially explicit data assimilation strategy that incorporates
the observed data to calibrate the model parameters. It minimizes the difference between observed data
and the state variables simulated by the crop growth model and then estimates the model parameters
(Hoefsloot et al., 2012). The assimilation of'the satellite-derived products and their spatial variability
as pixels in each farm into such models can, to'some extent, resolve the uncertainties introduced by the
assumption of homogeneity in croplands (Hoefsloot et al., 2012; Jin et al., 2017).

Calibrating a crop growth model for the specific location and agricultural conditions of a region can
thus be a powerful tool for developing effective water management strategies that enhance production
while minimizing water consumption (Hsiao et al., 2009). Furthermore, when calibrating crop growth
models on a spatial scale beyond an individual farm, it is necessary to reduce the uncertainties related
to input data to account for the lack of information about land management and the structure of the
model. To copewith these limitations (e.g., data scarcity, uncertainty), the pragmatic practice seeks to
simplify cropsgrowth models with fewer parameters and data requirements. It is therefore necessary to
determine the minimum number of effective parameters in each of the crop growth models to achieve
a more accurate and optimal model calibration, or, in other words, apply a sensitivity analysis (SA)
(Silvestro et al., 2017).

Material and methods: This study examines the critical role of sensitivity analysis (SA) in model
parameter calibration as a part of assimilating satellite data into crop growth models with the purpose
of improving the accuracy of crop growth simulations and yield estimation. Calibration involves
adjusting model parameters with the purpose of minimizing discrepancies between observed variables
and model simulations. Undoubtedly, the choice of the calibration method for optimizing crop model
parameters depends on the specific model and requires knowledge of its most influential and sensitive
parameters, as can be defined by SA. In this light, aiming for optimizing assimilation of data streams
of satellite products in crop growth modeling, it is indispensable to identify the most sensitive model
parameters and those that can be fixed. Restricting input parameters reduces redundancy and
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uncertainty, particularly when calibrating models for specific study sites. This review explores the
diversity of SA techniques applicable to crop growth models, aiding readers in choosing the best SA
method for their needs.

Results and discussion: The study reveals that global SA methods are predominantly employed in
crop growth model calibration practices, especially when data streams of satellite products have been
assimilated into the model. As a general trend in the reviewed studies, the EFAST model tends to
outperform Sobol in use and accuracy. In cases where complexity is high, it is suggested to use the
Morris method for screening parameters in combination with applying the EFAST model to reduce
computational complexity and crystallize the most effective parameters at relatively high accuracies.
Furthermore, this review study shows the ensemble, i.e., combination, of global SA methods Morris
and Extended Fourier Amplitude Sensitivity Test (EFAST) outperforms other SA methods in
calculation efficiency and in precision of identifying driving parameters. Such ensemble strategies
excel in finding the driving parameters, which can lead to fine-tuned calibration and, in turn, to more
precise crop growth model simulations.

Conclusion: We conclude that an ensemble of global SA methods is an_apptopriate choice for
overcoming the challenges and limitations of each technique and (reducing the computational
complexities when introducing satellite data assimilation into common crop-growth models.

Keywords: Crop growth models; Sensitivity analysis; Satellite Data Assimilation; Calibration;
Ensemble strategy.
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1 Introduction

Crop growth models are convenient tools for understanding and predicting the interactions between
crop growth, environmental conditions, and land management practices such as irrigation (Servin-
Palestina et al., 2022; Li et al., 2023). In essence, crop growth models aim to translate natural processes
into mathematical equations, which involve certain assumptions and simplificatiens of realities, with
the risk of introducing uncertainty and inaccuracies in a model output (Ma et al., 2023). In all
generality, crop models are built upon complex relationships and parameters that vary with cultivars,
field management, and environmental conditions. The crop models comprise several computational
stages and parameters along with climate, soil, crop, management, temperature, salinity, fertility, and
water stress conditions. The models mainly simulate crop.yield by defining conservative and non-
conservative parameters (Akbari et al., 2024b). Conservative parameters of the crop growth models
are crop specific, but do not change with cultivar, time, management practices, geographic locations,
or climate (Raes et al., 2017). These parameters are mot supposed to require a local calibration for a
well-studied crop such as wheat, but would need to-be ealibrated using data from multiple locations
for a species new to crop growth models (Silvestroet al., 2017). Readers can refer to appendix1 of
Akbari et al., (2024a) for more information and examples. The conservative and non-conservative
parameters can significantly challenge model calibration, even potentially leading to uncertainties in
the results (Guo et al., 2019).

To successfully run a crop simulation model, the selected model needs to be calibrated with accurate
crop model parameters based on'local soil conditions, weather, management practices, and other
conservative/non-conservative parameters that may be difficult to measure locally (Shan et al., 2021).
To address this challenge, it demands a spatially explicit data assimilation strategy that incorporates
the observed data to calibrate,the model parameters. It minimizes the difference between observed data
and the state variables simulated by the crop growth model and then estimates the model parameters
(Hoefsloot et al., 2012). Compared to ground survey data, data streams of the satellite-derived products
can be acquired at a significantly lower cost and in less time, accounting for larger areas and virtually
all stages of crop.growth (Hassanpour et al., 2024). The assimilation of the satellite-derived products
(such as fraction vegetation cover (FVC), and leaf area index (LAI)) and their spatial variability as
pixels in each farm into such models can, to some extent, resolve the uncertainties introduced by the
assumption of homogeneity in croplands (Jin et al., 2017). Vegetation biophysical variables extracted
from optical satellite data, including biomass, FVC, and LAI, are predominantly used as observed
variables and assimilated into crop growth models for calibration (Jin et al., 2018a), but also other used
observed variables such as soil moisture (SM), and evapotranspiration (ET) can be produced by radar
and thermal satellite data (Ines et al., 2013; Huang et al., 2015b; Jin et al., 2018a; Akbari, 2023).

The default values for the parameters of crop growth models are provided based on some average
conditions of crop type, climate, and management practices. Anticipatingly, parameterization
accounting for local environmental conditions leads to more accurate calibrations, and that can be
customized to different conditions and regions (Vanuytrecht et al., 2014). For instance, crop growth
models become of growing importance for optimizing irrigation management as water scarcity
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intensifies due to irregular rainfall and frequent droughts (Zhang et al., 2022). Calibrating a crop growth
model for the specific location and agricultural conditions of a region can thus be a powerful tool for
developing effective water management strategies that enhance production while minimizing water
consumption (Hsiao et al., 2009). Furthermore, when calibrating crop growth models on a spatial scale
beyond an individual farm, it is necessary to reduce the uncertainties related to input data to account
for the lack of information about land management and the structure of the model.

To cope with these limitations (e.g., data scarcity, and uncertainty), the pragmatic practice seeks to
simplify crop growth models with fewer parameters and data requirements. Typically, the values of
the less effective parameters in the crop growth model can be treated as constant. At the same time,
identifying the key model input parameters and variables that drive the output is fundamental for all
applications relying on crop growth models (Akbari et al., 2024a). Also, limitations in the data access
affect proper estimation of the key model input parameters and cause additional uncertainty, especially
in assimilating satellite data into crop growth models (Huang et al., 2019). It is therefore necessary to
determine the minimum number of effective parameters in each of the.crop growth models to achieve
a more accurate and optimal model calibration, or, in other words, apply a sensitivity analysis (SA)
(Silvestro et al., 2017). To minimize those uncertainties, a proper way of deducing the impacts from
each parameter involved in crop growth models is applying a SA. A SA is essentially a process for
estimating and evaluating how the model output is sensitive to “uncertain’ parameters (Vanuytrecht et
al., 2014; Silvestro et al., 2017; Lu et al., 2021). The primary objective of an SA is to estimate and
identify the degree of impact coming from parameters in process-based models (Ma et al., 2023; Guo
etal., 2019; de Souza et al., 2022). Alternatively put, SA identifies the impacts of uncertain parameters
on the model outputs as a key process for understanding how the model behaves (Specka et al., 2019).
SA also serves in determining: (1) less influential parameters that could be considered as constants to
further simplify the model for optimal calibration; and, (2) parameters with the highest impact that can
be used to calibrate the crop growth model, thus providing ‘guidelines for managerial strategies and
policies in agriculture (Krishnan et al., 2021).

Yet, the SA results are likewise influenced by the environmental conditions in which the model is
implemented, such as different climatic and geographical regions, soil types, etc. Therefore, it is
important to investigate the general sensitivity of the model in various environmental conditions
(Vanuytrecht et al., 2014). Further, in traditional model calibration, conducted studies typically
assumed average parameter values from similar conditions (e.g., (Andarzian et al, 2011; Jin et al.,
2014; Ahmadi et al.; 2015; Tavakoli et al., 2015; Hassanli et al., 2016; Sarangi et al., 2016; Wang et
al., 2022). This implies that the assumption of the model or the experience of the experts determines
the effective parameters and their values. Alternatively, after identifying more effective parameters in
the model through SA, for an increasing number of crop growth models, it is possible to optimize their
values with satellite data assimilation methods (Silvestro et al., 2017). To fine-tune and streamline the
ingestion of relevant satellite products requires evaluating what types of SA methods are applicable for
analyzing and identifying the most effective parameters of crop growth models.

In light of the above-discussed importance of SA strategy in satellite data assimilation into crop growth
models, this review dives into evaluating popular SA techniques, highlighting their advantages and
limitations for erop growth modeling applications. This literature survey was conducted to broaden
academic spheres and attract researchers toward identifying the most effective parameters for
optimizing and adjusting crop growth model parameters using satellite data assimilation. The rationale
pursued here is that crop growth models can be better fine-tuned through parameter adjustments,
ultimately leading to more integrated models with the output estimates (such as yield, crop response to
environmental stress, optimizing resource use, and informing management decisions) closer to actual
land survey measurements. Altogether, the objectives of our study are threefold: (1) a literature review
of studies conducted in the scope of SA methods applied to crop growth models; (2) an assessment of
the advantages and challenges of SA methods used in crop growth models; and (3) a discussion of
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satellite data assimilation into crop growth models for their calibration and the following steps, the
crop model challenges and solutions.

2 Crop Growth Models

Spanning nearly 40 years of developments, crop growth models have shifted from initial qualitative
simulations of growth dependent on single growth processes (i.e., physiological and ecological) to
quantitative simulations that cover all crop growth processes (Jin et al., 2018a). During these years, a
diversity of models was introduced and subsequently progressively optimized and updated, including
WOrld FOod STudies (WOFOST) (Van Diepen et al., 1989), Decision Support System for
Agrotechnology Transfer (DSSAT) (Jones et al., 1998), Agricultural Production Systems sIMulator
(APSIM) (McCown et al., 1996), Simulateur mulTIdisciplinaire pour les. Cultures Standard (STICS)
(Brisson et al., 1998), MOdel of Nitrogen and Carbon dynamics in  Agro-ecosystems (MONICA)
(Nendel et al., 2011), DAta Information SYstem (DAISY) (Abrahamsen.and Hansen, 2000), and
Aquacrop (Hsiao et al., 2009; Steduto et al., 2009) to simulate the various states of crop growth and
improve the estimation of crop yield (Jin et al., 2018a; Akbari, 2023). Over time, crop growth model
developers have strived to enhance our ability to analyze how crops respond to changes in management
practices and environmental conditions worldwide. This ongoing effort involves continuous model
refinement to better reflect real-world processes (Wang et al., 2024). Concurrently, model users
actively seek to optimize model performance by comprehensively calibrating crop growth models
across diverse crops and environmental conditions globally.

On the application side, factors influencing model selection in crop growth simulation studies include
study objectives, accuracy, complexity, and flexibility. Another determining factor is the number of
input parameters, which the number of parameters depending on the model complexity, with more
parameters requiring more data to insert and tune. Challenges related to accessibility and data
collection can impede the application of thése models. In these situations, the common practice is to
parameterize the model with values coming from previous studies, which in turn may introduce a
degree of uncertainty (Akbari, 2023). To address this challenge and reduce uncertainty, users often
attempt to constrain non-influential parameters based on specific environmental conditions and crop
types. For achieving this purpose, several SA methods can be applied for evaluating driver and non-
influential parameters, as will be'outlined in the next sections.

3 Types of Sensitivity Analysis

SA refers to methods that measure changes in the output y of a model given the input variables X1,
X2, ..., Xm. Essentially, SA attempts to answer the questions: (1) which input variables cause the
greatest change in the model output?; (2) which factors have no significant impact on the output?; and
(3) whether hidden correlations can be identified among multiple factors that amplify or attenuate the
effects of individual parameters? Selecting a specific SA method critically affects the identified driving
parameters and the perceived model behavior. We can distinguish different types of sensitivity
analysis depending on how these questions are formulated and
addressed. In the following, we introduce the main categories of SA methods based on Pianosi et al.,
(2016).

3.1 Local and Global Sensitivity Analysis



Generally, SA can be categorized into two strategies: (1) local and (2) global. Local sensitivity analysis
(LSA) seeks to measure the effects of changes in an individual factor x on the model output. In contrast,
global sensitivity analysis (GSA) measures the impact of changes in the entire input variance scale on
the output. Consequently, LSA depends strongly on a single value x as the input variable, while GSA
expands further towards incorporating the entire range of variance for a given input variable x (Saltelli
et al., 2008).

Local methods only evaluate the impacts of each input parameter on the model output, while the effects
of other parameters are considered constant, arbitrary values. LSA is not well-suited for analyzing crop
growth models due to the complexity of the models and the extensive prior knowledge required to
define and tune parameters and their interactions (Cariboni et al., 2007). Also, Saltelli & Annoni (2010)
argued that local methods are inefficient for identifying the most impactful parameters in nonlinear
models. For these reasons, the GSA is a more suitable choice. GSA methods can evaluate the effects
of simultaneous changes in some or all input parameters on the model output (Saltelli et al., 2008).

3.2 One-at-a-Time and All-at-a-time sensitivity analysis

Regarding sampling methods used in SA for estimating SA indices, SA is categorized to one-at-a-time
(OAT) and all-at-a-time (AAT). In general, SA indices are impossible to-measure analytically given
the complex network of relations between inputs and outputs and thus can only be calculated based on
certain sample inputs for evaluating model outputs. The difference between OAT and AAT lies in their
approach to input sample selection. In the OAT format, changes in output are measured against changes
in one input factor at a time, while other parameters are kept constant. AAT approaches measure the
output variance based on changes in all input factors at onceythereby accounting for the direct impacts
of a specific factor and indirect implications from other correlating factors.

LSA uses OAT sampling, whereas GSA can use both OAT and AAT strategies. Overall, AAT methods
produce finer descriptions of the inherent relations between input variables, some of which (including
variance-based methods) allow the user to analyze correlations between factors. The disadvantage of
AAT is found in its need for wider ranges of sampling and therefore further evaluation of models
(Pianosi et al., 2016). For these reasons, the combination of OAT and AAT is a more suitable choice
to reduce temporal complexities and increase GSA accuracy in complex crop growth models especially
in satellite data assimilation into calibration of the models.

3.3 Quantitative and qualitative sensitivity analysis

Another way to categorize SA methods is into: (1) quantitative or (2) qualitative analysis. Quantitative
SA is the term often used to present methods in which the input factors are represented as repeatable
quantities and the correlative impacts between factors are identified based on a set of SA principal
indices (Pianosi et al., 2016). So, quantitative SA serves as a powerful tool for understanding how
much various input factors influence a model's output. It goes beyond simply identifying which factors
are important; it quantifies their influence using mathematical techniques and specialized indices.
Qualitative SA takes a distinct approach as opposed to its quantitative counterpart. Here, the focus is
not on precise numbers but rather on gaining a visual understanding of how the model behaves under
different conditions (DeJonge et al., 2012). This qualitative exploration facilitates researchers to
identify key factors influencing the model and potential areas of concern. So, for satellite data
assimilation into calibration of the crop growth models, the qualitative exploration is a more suitable
choice to find important parameters of these models with SA.

3.4 Objectives (adjustment) of sensitivity analysis



Selecting the appropriate SA method depends on the research objectives, as each method has unique
strengths. Three objectives/purposes can be identified for SA; (1) Ranking (prioritizing factors) input
variables X1, X2, ..., Xm, with respect to their relative contribution to changes in the model output;
(2) Screening (factor fixing) for purposes of identifying input factors with insignificant impacts on the
model output (or negligible influence on the output variability); (3) Mapping or Visualizing the
variance space for input parameters with significant impacts on the model output (Saltelli et al., 2008).
Mapping aims at determining the region of the input variability space that produces significant, e.g.,
extreme, output values (Pianosi et al., 2016). The Morris and Extended Fourier Amplitude Sensitivity
Test (EFAST) methods are used as screening and visualizing the variance space fordnput parameters
as more explain in the next section.

4 Screening and Variance-based Methods Frequently Used in SA on crop growth models

According to reviewed SA literature on crop growth models, the Morris and EFAST methods are
frequently used as screening and variance-based methods in GSA, so, to prevent ificreasing the size of
the article, we only explain these methods.

The Morris method, the most common method for screening purposes, is‘based on OAT sampling,
where one input factor varies while other factors are considered constant (Iooss & Lemaitre, 2015).
Screening methods such as Morris (Morris, 1991), are often used before implementing global methods
such as EFAST (Saltelli et al., 1999) to identify the least and most effective parameters. The former is
then considered constant and excluded from complex wvariance-based processes (Vanuytrecht et al.,
2014). Such combinative approaches have also proven to be successful, as shown in several studies
(Vanuytrecht et al., 2014; Akbari et al., 2024a; Silvestroet al., 2017; Lu et al., 2021; Specka et al.,
2019; Sun et al., 2012; Upreti et al., 2020; Akbari, 2020; Colombi et al., 2022).

When used for identifying the sensitivity of parameters, the Morris method starts with an initial
evaluation of the impacts coming from all parameters (di) on the model output (equation 1).
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where EE is the initial effects, r shows the number of trajectories, and p* and oj are the absolute mean
and standard deviation for initial effects used for measuring the Morris sensitivity value and
uncertainty, respectively (Franczyk, 2019). Higher values of pu* represent more effective parameters.
The primary advantage of the Morris model is its relatively low complexity.

Variance-based GSA methods are distinguished based on different sampling methods in the parameter
search space. These methods look for more effective parameters iteratively, the EFAST method
considers the search space of each continuous parameter in a non-linear mode. In this method, the
search space is defined based on the search curve of the sin function, and in multiple iterations,
combinations of different parameters are considered, and the output variance is calculated (Vanuytrecht
et al., 2014), and applying the Fourier transform to the Y function obtains the variance based on this
function (XING et al., 2017).

Higher-order relations between input parameters are also included in this model in the form of output
variance V(Y), as formulated in equation (3).

V)= XZ; Vi+ L1<isjsm Vij+-+ V1 L. mo €)

where Vi = V[E(Y/xi)] is the primary effect from parameter x; with E(Y/%i) and V 1 ... m, in which Vj;
refers to relations among m parameters.

GSA methods measure two sensitivity indices for each parameter, i.e., the Main Sensitivity Index (S;)
(first-order) and Total Sensitivity Index (STi) (including higher-order effects) (equation 4). S; is the
contribution of a single parameter to the output variance, whereas ST; refers to the relations between
parameters. S; and ST; range from 0 to 1, where higher values represent the more significant and
effective parameters:

VY)=-V_;

V()

Sj= ok ST =

v “4)
where V., is the sum of all variances excluding.i (Pianosi et al., 2016). It should be mentioned that the

temporal complexity of the EFAST model is much higher than the Morris method (Vanuytrecht et al.,
2014).

5 Sensitivity Analysis Studies on Crop Growth Models

Table 1 lists some of the studies conducted in the scope of SA for crop growth models. This table
illustrates the.types.of SA (i.e., local/global) methods and the SA purposes and methods in each crop
growth model. The studies have been mostly employed using GSA methods, and specifically ranking
(variance-based) methods. This table reveals the dominance of the EFAST method to achieve SA in
crop growth models. The table also highlights the growing emphasis on SA within crop growth
modeling research, with a significant proportion of studies conducted in recent years, particularly
during the current decade. SA ensemble strategies in our paper refer to combining multiple SA methods
to improve the accuracy and robustness of the results. This can be particularly useful when dealing
with complex models with many uncertain parameters. So, ensemble strategies can achieve a deeper
understanding of the driving factors that influence the behavior of complex models (Silvestro et al.,
2017).

Table 1. Research in the field of SA of crop growth models. The search has been conducted by 31
December 2024.



Crop growth Types of SA SA Purpose
rgogdel (Lgrcl;l /Global) P SA Method References
local and Global unclear/absent Pathak et al., (2007)
unclear/absent
CROPGRO Global Rankint% (Variance- EFAST Xuetal,, (2021)
ased
acrigp\)%/'}(/)slt-: (;Z:?RM Global Screening Morris Confalonieri et al., (2006)
Ranking PCA-based, sequential Lamboni et al., (2009)
Screening and Morris and Sobol Dejonge et al. (2012)
CERES Global Ranking (Variance-
based)
Ranking (Variance- Sobol Ge et al., (2021)
based) EFAST Ma et al., (2023)
Screening and Variance (Sobol, EFAST), Screening Confalonieri et al., (2010a)
Global Ranking (Variance- (Morris), Regression method (Latin
WARM based) hypercube, Quasi-Random LpTau)
Screening and Morris and Sobol Confalonieri‘et.al. (2010b)
Global Ranking (Variance-
based)
Varella et al., (2010; 2012)
) ) EFAST
STICS Global Ranking (Variance-
based) Sobol Chen & Cournéde, (2014)
Ranking (Variance- Regression method (Latin Hypercube Xuetal., (2016)
SWAP-EPIC Global based and OAT sampling)
HYDRUS-1D Global Ranking (Variance- EFAST Zengetal., (2018)
based)
Screening and Morris and EFAST Specka et al., (2019)
Ranking (Variance-
MONICA Global based)
Ranking (Variance- Sobol Gasanov et al., (2020)
based)
. Local SA Nehbandani et al., (2020)
SSM _iCrop2 Local
. Global Ranking (Variance- | EFAST Meng et al., (2021)
RiceGrow
based)
HORTSYST Global Ranking (Variance- Sobol Martinez-Ruiz et al., (2021)
based)
Screening and Morris and Sobol Colombi et al., (2022)
ARMOSA Global Ranking (Variance- Colombi et al., (2024)
based)
EFAST Wang et al. (2013b); QIN et al.,
Ranking (Variance- (2022); Li et al., (2023); Ruan et
WOFOST Global based) al., (2024)
Sobol Li et al., (2024a)
Ranking and RSA Shafiei et al., (2018)
Mapping
WheatSM Global Ranking (Variance- Sobol Lietal., (2024a)
based)
STICS, CropSyst ® cbal RarS]]c(irszrl(l\r}i r?:r(lice_ Morris and EFAST Paleari et al., (2021)
and WOFOST
based
Ranking (Variance- EFAST Zhao et al. (2014); WEI and NIE
based) (2024)
Screening Morris Chenu et gl., (2016);
APSIM Global Casadebaig et al., (2016)
EFAST Liu et al., (2019)
Ranking (Variance- Sobol Hao et al., (2021); Hao et al.,
based) (2024)
EFAST Zhang et al., (2023)
Screening and Morris and EFAST Song et al., (2014)
Ranking (Variance-
based)
DSSAT Global Regression method (Co-inertia Corbeels et al., (2016)

unclear/absent

analysis based on Latin Hypercube
Sampling method)

Ranking (Variance-
based

Sobol

Attia et al., (2021)
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Crop growth Types of SA SA Purpose
rgogdel (Lgrcl;l /Global) P SA Method References
local and Global unclear/absent Pathak et al., (2007)
unclear/absent
CROPGRO Global Ranking (Variance- EFAST Xuetal., (2021)
based
SIMPLE Global Rankint%a(s\ggriance— Sobol Servin-Palestina et al., (2022)
Regression method (Co-inertia Krishnan et al., (2021)
InfoCrop Global unclear/absent analysis based on Latin Hypercube
Sampling method)
SAMUCA Global Ranking (Variance- EFAST Pereira et al., (2023)
based)
Functional- Relative sensitivity index Rutjens et al., (2024)
Structural Plant Global
Model
ORYZA-N Global Rankiri)gasllda)riance— EFAST Gao et al., (2024)
Ranking (Variance- EFAST Xing et al. (2016); XING et al.,
based) (2017); Jinet al., (2018b); Guo et
al., (2019); Li et al., (2024b)
Screening and Morris and EFAST Silvestro et al., (2017)
Ranking (Variance-
based)
Screening and Morris, EFAST, density-based PAWN<| Upreti et al., (2020)
Global Ranking (Variance- method
based) Morris and EFAST Vanuytrecht et al., (2014); Akbari
(2020); Lu et al., (2021); Akbari
etal., (2024a)
Morris and FAST Oulaid et al., (2024)
AquaCrop Ranking (Variance- Sobol Rahimikhoob et al., (2023)
based)
unclear/absent Relative sensitivity index de Souza et al., (2022); Rosa et
al., (2023)
unclear/absent Local SA Adabi et al., (2020); Haruna et al.,
(2023)
Local
Extended Fourier Amplitude Sensitivity Test (EFAST), Water Accounting Rice Model (WARM), One-factor-At-a-Time (OAT), Agricultural
Production Systems sIMulator (APSIM), WOrld FOod STudies (WOFOST), decision support system for agrotechnology transfer (DSSAT),
Simulateur mulTldisciplinaire pour les Cultures Standard (STICS), Crop Environment Resource Synthesis (CERES), Soil Water Atmosphere Plant
(SWAP), regional sensitivity.analysis (RSA).

A tag cloud visually highlights key themes, with word size reflecting frequency. Figure 1 illustrates
the frequency of methodologies used concerning: (a) SA methods applied in crop growth models, and
(b) the crop growth models were assessed by SA over the years (2006 - 2024). This figure proves that
the EFAST method has been predominantly used to achieve SA in crop growth models, and the Sobol,
Morris, and ensemble of Morris and EFAST methods are the next logical models, too. Also, this figure
illustrates more SA studies applied in crop growth models, especially AquaCrop, but also APSIM,
WOFOST, and“WARM models, respectively. Among the most common crop growth models, the
DSSAT model is underrepresented in SA evaluations, appearing only three times across all methods.

11



STICS

mu sncs

5"‘""l\llorrl:'ffbf"?ST = WOFOST o

...Morris Sobol Mornssw APSIM

Sobol AquaCrop APSIM

EFAST AquaCrep. WARM
STIC

i) RSl Morris NARM hoes
ErAST [l 2 ' < e yr
“iMorris Srﬂ?bglmsr s STICS M‘WARMAP IM CEREJ
Morris & EFAST EFAST Sobol MOrI’lS e W Cext
EFAST Rel S b lEFAST V",i\ﬁ{"‘ STICS
Moms Morris
(A) (B)

Figure 1. (A) A tag cloud of the literature methods related to SA methods used in crop growth models and
(B) the assessed crop growth models with SA, where a larger font denotes a higher fiequency in
consulted studies. The number of assessed studies about SA in crop growth models between 2006-2024
were 65.

To illustrate what types of GSA methods are most commonly used in crop models (i.e., Morris, Sobol,
EFAST, ensemble of Morris and EFAST, and ensemble of Morris and Sobol), we attempt to show in
separate subfigures (A) Morris, (B) Sobol, and EFAST, (C) ensemble of Morris and EFAST, and
ensemble of Morris and Sobol (Figure 2). Based on this figure, we can conclude which GSA methods
were used in what crop model yearly and also the research gap of enhancing driver parameters for
satellite data assimilation calibration. The Mortris method alone as a screening strategy can recognize
the less important parameters, so this method is hardly used in.complex crop growth models (e.g.,
DSSAT) where there is more relationship between parameters (subfigure A). Among variance-based
GSA methods, which are capable of evaluating parameter interactions, the EFAST method has been
more frequently employed than the Sobol method for identifying key drivers in crop growth models,
as evidenced in subfigure B. The figure further reveals a strong preference for the EFAST method,
either used independently or within ensemble strategies. Based on subfigure C of the figure, the
ensemble of the Morris.and EFAST SA method was used in DSSAT, STICS, CropSyst, WOFOST,
and MONICA models in one study and seven times in the AquaCrop model. That figure also revealed
little attention to theuse of the Morris and EFAST GSA in crop growth models, especially in complex
models. Noteworthy, the ensemble GSA strategy (especially Morris and EFAST methods) was not
considered in the APSIM.crop model studies. So, further developments are encouraged in applying
GSA ensemble methods to other crop models.
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Figure 2. SA methods used in crop models in each year. (A) Morris, (B) Sobol, and EFAST, (C)
ensemble of Morris and EFAST, and ensemble of Morris and Sobol.
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Figure 2. Continued. SA methods used in crop models in each year. (A) Morris, (B) Sobol, and EFAST,
(C) ensemble of Morris and EFAST, and ensemble of Morris and Sobol.

We cannot conclude which parameters were found to-be most ‘sensitive to particular simulated outputs
due to the following reasons. GSA assessment Of model parameters is highly dependent on
environmental conditions and the crop type under study, such that no single GSA scenario can be
interchangeably used for a range of climatic and environmental circumstances (Zhao et al., 2014;
Vanuytrecht et al., 2014; Xing et al., 2016; Silvestro et al., 2017; Xing et al., 2017). GSA results thus
vary for different environmental conditions, not only in terms of the magnitude of impact, but also in
terms of the order and ranking of parameters. EFAST is more coherent compared to the Morris method,
and it prioritizes and sequences parameters more stably across a range of environmental circumstances
(Vanuytrecht et al., 2014; Silvestro et al., 2017). Hence, the Morris method can only be used to screen
fewer sensitive parameters, and can only rank parameters qualitatively and not quantitatively (Dejonge
et al., 2012; Vanuytrecht et al., 2014). It is essential to determine the correct range of variation in
parameter values. The GSA results are related to corresponding environmental conditions, so inhibits
the generalizability of results to other regions (Wang et al., 2013b). So, readers can select the best
strategy of SA for their own studies by comparing this article reviewed findings, and advantages/
challenges of SA methods.

6 Advantages and Challenges of SA Methods in Crop Growth Models

This section addresses the advantages and challenges of SA methods used in crop growth models by
undertaking a systematic literature review. A combination (i.e., ensemble) of the Morris and Sobol
methods was also proposed by Confalonieri et al. (2010a) as a technique to incorporate the simplicity
of the Morris model for identifying fewer effective parameters to reduce the number of parameters in
the Sobol method. Various GSA methods were applied to the WARM crop growth model by
Confalonieri et al. (2010a) (table 1). As per their results, for a crop model of average complexity such

14



as WARM, the Morris method is the simplest approach to GSA with comparable performance to more
computationally expensive methods such as regression-based methods. Variance-based GSA methods
are more suitable for conditions where the number of model parameters is limited or some parameters
can be considered constant. This result was also confirmed by (Confalonieri et al., 2010b), who
analyzed the combination of these two methods for evaluating the WARM crop growth model,
indicating reductions in the complexity of the Sobol method after using the Morris approach to identify
the least effective parameters.

Sobol and EFAST are the most prominent variance-based GSA methods employed in the assessment
of crop growth models. Both methods are relatively similar in performance and temporal complexity,
albeit the EFAST model produces superior evaluations of how correlations between parameters affect
the model variance compared to Sobol (Saltelli et al., 1999). Vanuytrecht et al. (2014) confirmed the
proposed strategy of (Confalonieri et al., 2010a) for combining Morris with Sobol, with a slight
adjustment of using EFAST instead of Sobol, given the mentioned advantages. They initially used
Morris for screening out the least effective parameters and then used variance-based EFAST to measure
the output sensitivity of the AquaCrop model to varying environmental comditions and model
parameters. Silvestro et al. (2017) likewise highlighted EFAST's superiority over Morris as a more
integrated sensitivity analysis method, a finding corroborated by studies (Cariboni et al., 2007;
DelJonge et al., 2012). EFAST effectively accounts for varying enviroamental scenarios, enabling
robust and consistent parameter ranking. The Morris method serves thus better for initial screening of
the least effective parameters, as reported by (Vanuytrecht et al., 2014; DeJonge et al., 2012). This
method can only produce a qualitative ranking of parameters as opposed to a quantitative one.
Altogether, using the Morris for screening purposes prior to implementing EFAST to reduce temporal
complexities and increase GSA accuracy for obtaining the mest effective parameters in complex crop
growth models suggested by (Vanuytrecht et al., 2014; Silvestro et al., 2017; Lu et al., 2021; Specka
et al., 2019; Sun et al., 2012; Upreti et al., 2020; Akbari, 2020; Colombi et al., 2022). Summarizing,
the key advantages of SA methods in crop growth models are: (1) Variance-based GSA methods as
opposed to the screening methods are more suitable for finding the most effective parameters; (2)
reductions in the complexity of the variance-based GSA complex methods after using the Morris
screening approach by identifying the least effective parameters; (3) a combination (i.e., ensemble) of
the Morris and variance-based GSA methods to identify fewer effective parameters for tuning complex
crop growth models; (4) Sobol and EFAST are the most prominent variance-based GSA methods,
albeit the EFAST model produces superior evaluations and enables robust and consistent parameter
ranking for varying environmental scenarios; and, (5) a combination of the Morris and EFAST to
reduce temporal complexities and increase GSA accuracy in complex crop growth models.

Regarding challenges, Vanuytrecht et al. (2014) indicated a strong bond between GSA and
environmental conditions, such that a GSA scenario working in one climate condition may not be
transferable to other circumstances. This suggests that GSA should be customized to the specific
climatic and environmental conditions of the study region, the results of which are not necessarily
generalizable to other regions. Multiple authors further underline the need for SA procedures specific
to different geographical, climatic, and cultivation conditions to produce more stable SA results (e.g.,
Guo et al., 2019; Vanuytrecht et al., 2014; Silvestro et al., 2017; Upreti et al., 2020; Akbari, 2020;
XING et al., 2017; Xing et al., 2016; Haruna et al., 2023). Related to this, several authors addressed
the necessity of comprehensive investigating parameters to further validate GSA instead of analyzing
model sensitivity with a limited number of parameters (XING et al., 2017; Wang et al., 2013b; Zhao
etal., 2014; Xing et al., 2016). These authors encountered challenges in defining appropriate parameter
ranges and identifying significant parameters due to the variability in model parameters. So, one of the
most important challenges in GSA of crop models is related to finding the optimum range of variations
for each parameter of the model; it is necessary to assess the extent of GSA uncertainty. As observed
in the literature, a key issue in GSA is identifying the range of involved parameter values, or
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alternatively, the minimum and maximum acceptable values (bounds) for each parameter (Vanuytrecht
et al., 2014; Akbari et al., 2024a; Paleari and Confalonieri, 2016). More stable GSA results can be
achieved by following the advantages and overcoming the challenges. Summarizing, the key
challenges of SA methods in crop growth models are: (1) strong relations between GSA and
environmental conditions and may not be transferable to other circumstances; (2) the necessity of
comprehensive investigating parameters to further validate GSA; and (3) defining appropriate
parameter ranges and identifying significant parameters due to the variability in model parameters.

7 Satellite Data Assimilation into Crop Growth Model for its Calibration

7.1 Crop Growth Model Challenge and One Promising Solution

Crop growth models confront the challenge of neglecting spatial variability of cropland conditions with
potential negative consequences to guide effective farm management strategies (Clevers et al., 2002;
Claverie et al., 2012; Akbari et al., 2024b). To compensate for the complexity, costliness, and time-
consuming nature of determining spatiotemporal inputs, most medels consider spatial homogeneity
across croplands and often assume uniform growing conditions across a field. This assumption,
however, could propagate error and an increased uncertainty in the estimated outputs (Hansen and
Jones, 2000; Launay and Guerif, 2005). These uncertainties inherent in crop growth simulations, input
data, and model assumptions propagate throughout the process, leading to imprecise yield predictions
and compounding the overall uncertainty (Fang etal., 2008; Lizumi et al., 2009; Niu et al., 2009; Ceglar
et al., 2011; Challinor et al., 2012). While crop growth models often simplify field conditions (Gao et
al., 2011), in turn this simplification creates a cascade of inherent uncertainties. These uncertainties
propagate through the model structure and parameters, including those governing FVC/LAI, biomass,
and evapotranspiration. Consequently, simulations of crop growth and yield become increasingly
inaccurate. However, the primary culprit behind these uncertainties remains the unreliability of input
crop parameters (Wang et al., 2013a; Huang et al., 2015a).

One promising solution lies'in integrating spatially explicit data assimilation strategies. This approach
integrates observed data, often acquired from satellites, with the crop growth model. The observed data
act as a real-time update for the model's internal state variables, leading to more accurate simulations.
Additionally, this approach can be used to refine the model's parameters itself (Hoefsloot et al., 2012).
As opposed to traditional ground surveys, satellite-derived products offer significant advantages.
Satellite data integration offers lower costs, faster acquisition, and broad coverage, providing a
comprehensive view of seasonal crop growth (Quaife et al., 2008). Assimilating satellite-derived
products and spatial yariability into models can mitigate uncertainties arising from the assumption of
homogeneous croplands (Hoefsloot et al., 2012; Jin et al., 2017).

Data streams of satellite products assimilated into crop growth models offer significant potential for
enhancing crop monitoring, improving yield estimation accuracy, and advancing precision farming
practices (Jin et al., 2017; Jin et al., 2018a). By assimilating satellite products, crop models become
more precisely calibrated, enabling us to track crop health better and predict potential problems like
pest outbreaks or water stress (Wang et al., 2024). Also, by incorporating real-world field and satellite
data, crop models can provide more reliable yield forecasts, aiding in agricultural planning and
decision-making. This information can be used to optimize resource use (e.g., water or fertilizer) for
individual fields, leading to more sustainable agricultural practices (Akbari et al., 2024b). Thus, careful
attention to the steps of satellite data assimilation within crop growth models is indispensable for
optimal results.
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7.2 Steps of Satellite Data Assimilation into Crop Growth Model for its Calibration

Satellite data assimilation into a crop growth model essentially involves 3 main steps: (1) products
extracted from satellite data, including SM, aboveground nitrogen, ET, biomass, FVC, LAI, and etc.,
are used as observed variables; (2) SA and find driver parameters of crop growth model; (3) satellite
data extracted assimilation into the crop growth model to calibrate its driver parameters and optimize
the crop model. In satellite data assimilation into crop growth models, it is aimed to reduce the
difference between observed and simulated variables. Close agreement between observed and
simulated variables suggests that the driving parameters have been effectively optimized, resulting in
values that are more compatible with the specific environmental conditions and crop types.

The first step of satellite data assimilation into a crop growth model can be realized based on the nature
of observed variables; mostly optical vegetation products are used, such as LAI, and'EVC. Satellite
vegetation products can be retrieved through: (1) parametric methods like vegetation indices (VIs), (2)
non-parametric methods like machine learning regression algorithms (MLRASs), (3) physically-based
methods like radiative transfer models (RTMs), and (4) hybrid methods to retrieve the biophysical
variables from satellite data (Verrelst et al., 2015; Akbari et al., 2023). Biophysical variable retrieval
remains a challenging task, with no single technique consistently outperforming others in terms of
accuracy, robustness, and computational efficiency. However, despite widespread use of empirical
methods like VIs, they often exhibit unstable performance across diverse case studies and are typically
limited to 2—5 bands, raising questions about the optimal band combinations and the impact of
confounding factors like vegetation structure and background conditions (Verrelst et al., 2010; 2012a,
b). Physically-based methods, i.e., RTM inversion, offer the potential for improved accuracy, but they
are computationally intensive and require detailed site-specific information, which may not always be
readily available or accurate (Akbari et al., 2023)..Conversely, MLRAs can generate adaptive and
robust relationships in a given study area and are easily applicable with less site-specific information
(Hastie et al., 2009). Kernel-based MLRAs can typically cope with strong nonlinearity involving few
and intuitive hyper-parameters for model tuning and can achieve flexible input-output nonlinear
mapping (Miiller et al., 2018). Furthermore, the hybrid methods combine the potential of improved
accuracy of physically-based models with the flexibility and computational efficiency of MLRAs in
retrieving of satellite vegetation products. Some researchers concluded that hybrid methods can
achieve more accuracy (e.g.; Verrelst et al., 2016; Fernandez-Guisuraga et al., 2021; Ranghetti et al.,
2023; Sahoo et al., 2024). So, to.cope with the limitation of biophysical variable retrieval methods,
researchers can use the hybrid strategy and new sources of satellite data, such as drones, hyperspectral
satellites, and satellite data fusion.

The second step can be.implemented to extract driver parameters by GSA methods like Morris and
EFAST methods (Akbari et al., 2024a, for more information). Crop models often rely on parameters
difficult to measure directly. Some researchers use averaged values from previous studies (e.g.,
(Andarzian et al., 2011; Jin et al., 2014; Ahmadi et al., 2015; Tavakoli et al., 2015; Hassanli et al.,
2016; Sarangi et al., 2016; Wang et al., 2022) for optimization, but this approach can introduce
uncertainty. Alternatively, we argued that GSA methods can find the driving and non-influential
parameters based‘on environment and crop type. Given the complexity of assimilation methods and
crop growth models, we should prioritize GSA methods that specifically target and extract driver
parameters for subsequent optimization. This review article focused on the second step and assessed
the SA methods, advantages, and challenges.

Regarding the third step, principally, satellite data assimilation into the crop growth model can be
achieved through three main methods, i.e., (1) forcing, (2) updating, and (3) recalibration (Dorigo et
al., 2007; Jin et al., 2018a; Akbari, 2023; Dlamini et al., 2023). Exploiting only through forcing
methods, 1.e., replacing the state variables (e.g., LAI, FVC, biomass in the crop simulation models)
with the observation data (especially satellite data products), leads to errors entering the model without
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any optimization (Wang et al., 2013a). Updating methods refer to continuously updating crop model
simulation data based on the latest available satellite data input into the crop models. This approach
assumes that a simulation process based on satellite data input at a given day “t” will improve the
accuracy of the simulation data on succeeding days (Jin et al., 2018a). In the recalibration method, the
state variables are re-estimated to an optimal level using optimization algorithms that minimize the
difference between the entered and model-simulated state variables (Dlamini et al., 2023; Akbari et al.,
2024b).

The obvious weakness of the forcing method is the loss of model information, and the output of the
model is mainly determined by the observational data that are affected by the observed uncertainty
(Wang et al., 2013a). When satellite data are entered into the assimilation process of theierop growth
model, then recalibration and updating methods prove to be more flexible than the forcing method and
can minimize simulation errors. The recalibration method can be used to compensate forthe structural
and model input errors and better match the results with ground reality during the crop growth period
(Gao et al., 2011). As opposed to the forcing and updating methods, the recalibration method is
supposedly better in some circumstances, but the main problem with this method is that it requires a
large number of optimization iterations, and as a result, the calculation time will increase (Jin et al.,
2018a). The date of selected satellite images is also an importantand effective factor in the accuracy
of crop yield estimation using the update method (Xiong, 2022). The effect of phenology shift (i.e.,
temporal and phenological differences between the in-situ data used in crop growth simulation and the
satellite data) reduces the efficiency of data assimilation in the updating method. Then, in this situation,
the recalibration method can be estimated with better results (Curnel et al., 2011).

7.3 Review of Satellite Data Assimilation into Crop:Growth Models

This comprehensive review of methods on satellite data assimilation into crop growth models serves
to enhance researchers' understanding of the field's advancements, ultimately facilitating more
informed and impactful research within this'domain, We searched the keywords “crop model”, “data
assimilation”, and “remote sensing” in google'search for 36 years of research data (1988—2024). The
satellite data assimilation methods into.the crop growth models used in 106 papers were surveyed and
summarized as the recalibration methods (n=45), the forcing methods (n=17), and the updating
methods (n=44). “n’" in the previous and following sentences means the number of papers which were
surveyed in the mentioned'methods. We concluded:

A) the recalibration and updating assimilation methods are the most widely used algorithms in the field
of data assimilation, -especially the ensemble Kalman filter (EnKF) algorithm in the updating
assimilation method. EnKF (n=33) (as the updating method), particle swarm optimization (PSO)
(n=15) (as the recalibration method), shuffled complex evolution-university of Arizona (SCE-UA)
(n=10) (as the recalibration method), simplex algorithm (n=7) (as the recalibration method), and four-
dimensional variational data assimilation 4DVar) (n=6) (as the updating method) were the popular
algorithms in the data assimilation system that were used as optimization/decreasing algorithms to
minimize discrepancies between observed variables and model simulations.

B) The WOFOST (n=23), AquaCrop (n=17), DSSAT (n=13), and simple algorithm for yield SAFY)
(n=10) are the most common crop models in the research of data assimilation for yield estimation
(Figure 3). We can conclude that while the acceptance of the forcing method has been decreasing in
the years under review, the updating and recalibration methods have been more accepted, especially
updating methods. WOFOST, AquaCrop, and SAFY crop models were more interested in studies of
recalibration assimilation methods between 2011-2024, while WOFOST, AquaCrop, and DSSAT crop
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models were more interested in studies of updating assimilation methods between 2011-2024. State
variables were used to minimize discrimination of satellite products and simulation ones extracted by
crop growth models (Figure 4). For example, for optimizing the AquaCrop model by recalibration
method, the difference between the FVC which simulated by the crop model and the satellite data
product (FVC) decreased repeatedly and at last, the parameters optimized.

The size of circles in figure 4 shows the magnitude or how many used the state variables in altogether
three data assimilation methods, i.e., recalibration, forcing, and updating methods. In this figure,
aboveground nitrogen (AGN) refers to the nitrogen content found in the living biomass of plants,
excluding their roots. It encompasses the nitrogen stored in leaves, stems, flowers, fruits, and other
aboveground plant parts (Salmerén-Miranda et al., 2007). fraction of absorbed photosynthetically
active radiation (FAPAR) is defined by the ratio APAR/PAR, where PAR is the incident PAR on the
top of the canopy and APAR is the PAR absorbed by the photosynthesizing tissue of the canopy (Senna
et al., 2005). water use efficiency (WUE) is defined as the amount of carbon assimilated as biomass
or grain produced per unit of water used by the crop (Hatfield and Dold, 2019). leaf nitrogen
accumulation (LNA) refers to the total amount of nitrogen (N) contained within a plant's leaves,
measured per unit of leaf area (Sun et al., 2022). Gross primary production (GPP) is the total amount
of solar energy that plants convert into chemical energy through photesynthesis, forming organic
matter, or biomass (Ashton et al., 2012).

C) In terms of assimilation state variables, LAI, FVC, SM, and biomass are relatively common
assimilation variables.

Both FVC and biomass state variables simultaneously used in the AquaCrop model, as opposed to only
the FVC, found that using both variables led to significantly higher calibration accuracy in our preview
article (Akbari et al., 2024b). Since, we recommend that researchers focus on the mostly used state
variables (i.e., LAI, and FVC) and use them simultaneously with the next logical state variables (i.e.,
SM, and Biomass) in future studies of satellite data assimilation into crop models. Therefore, by
assimilating data streams of more diverse satellite products into the crop models, we can significantly
advance our understanding of crop growth and improve agricultural practices for a more sustainable
and productive future.
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Figure 3. Crop models used in RS data assimilation of (A) recalibration, (B) forcing, (C).updating
methods over years. The size of the circles indicated the amount of use of crop models; therefore,
larger and smaller circles mean more and less crop models used in the articles, respectively:
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Figure 4. Assimilation state variables used to minimize discrimination of satellite products and
simulation ones extracted by crop growth models. The size of circles showed the magnitude of using
the state variablesin altogether three data assimilation methods (i.e., recalibration, forcing, and
updating). (The abbreviations are: aboveground nitrogen (AGN), fraction of absorbed
photosynthetically active radiation (FAPAR), water use efficiency (WUE), leaf nitrogen accumulation
(LNA), Gross primary production (GPP)).

N\

As a final remark, we advocate integrating satellite data assimilation within a broader environmental
extent to enhance the robustness of crop growth models. This necessitates generalizing the proposed
assimilated model to accommodate diverse geographical, climatic, and crop conditions. Progressing
along this line would require collaboration among the scientific community. In parallel, new sources
of satellite data, such as drones, hyperspectral satellites, etc., and satellite data fusion integrated with
state-of-the-art variable retrieval methods maybe improve robustness and accuracy of satellite
products. To achieve the full potential of precision agriculture, substantial research is needed to further
refine crop growth models with GSA techniques and spatially explicit data and enhance their ability to
accurately simulate complex biological processes.
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8 Conclusion

The crop growth models need to be successfully calibrated with accurate crop model parameters based
on local soil/weather/management conditions, and other conservative/non-conservative parameters that
may be difficult to measure locally. To address this challenge, a spatially explicit satellite data
assimilation strategy incorporates the observed data to calibrate the model parameters. Limitations in
the data access affect proper estimation of the key model input parameters and cause additional
uncertainty, especially in assimilating satellite data into crop growth models. It is therefore necessary
to determine the minimum number of effective parameters or SA in each of the crop growth models to
achieve a more accurate and optimal model calibration. This review sought to discuss.the various
methods of SA to identify the most effective parameters with an assessment of the pros and cons of
these methods. These parameters were used for calibrating crop growth models with-satellite data
assimilation, leading to more spatially precise simulations of crop growth at the regional scale.

SA studies for crop growth models generally point to the strong dependence betweenmodel parameters
and environmental conditions, such that one SA scenario cannot be generalized for different climate
conditions. This highlights the importance of applying SA tailored to the environmental conditions of
a target region, the results of which are also specific to that.region and cannot be analytically
transformed to other regions. Some studies also underline the need for including more parameters in
SA analysis to validate SA results. These studies were mainly challenged in terms of defining the
variance range for parameters and accurately identifying the range of parameters, which are considered
key drivers. SA should be employed in distinct geographical regions with varying climates and
cultivation conditions to further stabilize and validate SA results.

We can conclude that global SA methods ate predominantly’employed in crop growth model
calibration practices, especially when data streams of satellite products have been assimilated into the
model. As a general trend in the reviewed studies; the EFAST model tends to outperform Sobol in use
and accuracy. In cases where complexity is high, it is suggested to use the Morris method for screening
parameters in combination with applying the EFAST model to reduce computational complexity and
crystallize the most effective parameters at relatively high accuracies. Such ensemble strategies excel
in finding the driving parameters, which can lead to fine-tuned calibration and, in turn, to more precise
crop growth model simulations. More generally, applying ensemble strategies would be an appropriate
option for overcoming therchallenges and limitations of each GSA method and reducing the
computational complexities of some crop growth models.

The comprehensive review of methods on satellite data assimilation into crop growth models serves
the recalibration and updating assimilation methods are the most widely used. The WOFOST,
AquaCrop, DSSAT, and SAFY are the most common crop models in the research of data assimilation
for yield estimation. In terms of assimilation state variables, LAI, FVC, SM, and biomass are relatively
common assimilation variables. Also, one state variable is relatively used in most studies of satellite
data assimilation into crop growth models. However, we recommend that researchers focus on
assimilating simultaneously two or more state variables of more diverse satellite products into the crop
models, which it led to significantly higher calibration accuracy and improve agricultural practices for
a more sustainable and productive future.
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