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Highlights

What are the main findings?

e  Crop-type mapping reliability is highly sensitive to features selection and hyperpa-
rameter tuning.

e The model and target independent VIF feature selection is not recommended for
crop-type mapping

What are the implications of the main findings?

e  Most reliable crop-type mapping is obtained through a proposed three-step process
combining wrapped features selection with hyperparameter tuning.

e  Based on open-access data and software, the proposed method can be used to support
agriculture monitoring in a complex socio-economic context.

Abstract

To improve crop yields and incomes, farmers consistently adapt their practices to climate
and market fluctuations, resulting in highly variable crop field distribution and coverage
in space and time. As these dynamics illustrate farmers’ challenges, up-to-date crop-type
mapping is essential for understanding farmers’ needs and supporting their adoption of
sustainable practices. With global coverage and frequent temporal observations, remote
sensing data are generally integrated into machine learning models to monitor crop dynam-
ics. Unlike physical-based models that rely on straightforward use, implementing machine
learning models requires extensive user interaction. In this context, this study assesses
how sensitive the models” outputs are to feature selection and hyperparameter tuning, as
both processes rely on user judgment. To achieve this, Sentinel-1 (51) and Sentinel-2 (52)
features are integrated into five distinct models (Random Forest (RF), Support Vector Ma-
chine (SVM), Light Gradient Boosting (LGB), Histogram-based Gradient Boosting (HGB),
and Extreme Gradient Boosting (XGB)), considering several features selection (Variance
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Inflation Factor (VIF) and Sequential Feature Selector (SFS)) and hyperparameter tuning
(Grid-Search) setup. Results show that the preprocess modeling feature selection (VIF)
discards the features that the wrapped method (SFS) keeps, resulting in less reliable crop-
type mapping. Additionally, hyperparameter tuning appears to be sensitive to the input
features, and considering it after any feature selection improved the crop-type mapping.
In this context a three-step nested modeling setup, including first hyperparameter tuning,
followed by a wrapped feature selection (SFS) and additional hyperparameter tuning, leads
to the most reliable model outputs. For the study region, LGB and XGB (SVM) are the
most (least) suitable models for crop-type mapping, and model reliability improves when
integrating S1 and S2 features rather than considering S1 or S2 alone. Finally, crop-type
maps are derived across different regions and time periods to highlight the benefits of the
proposed method for monitoring crop dynamics in space and time.

Keywords: crop-type mapping; sentinel; machine learning; Bolivia; Altiplano

1. Introduction

In recent years, remote sensing data have enabled the development of accurate crop-
type mapping to monitor agricultural land distribution in space and time [1,2]. As a detec-
tion and monitoring tool, remote sensing has many advantages, including cost-effectiveness
and the capacity to cover large areas over extended periods [3]. In this way, the lack of
data and their limited availability in regions with complex socio-economic systems can
be avoided [2,4]. Remote sensing-based crop-type mapping relies on visible-near-infrared
(VIS-NIR) region sensitivity to crop features [5], such as total biomass [6], nitrogen [7,8], and
chlorophyll content [9,10], allowing for their identification and classification. For this pur-
pose, the Sentinel-2 VIS-NIR images (S2) are generally used [11-21]. As the VIS-NIR satellite
images are limited to clear sky conditions, some authors have assessed the reliability of
synthetic aperture radar (SAR) satellite images for crop-type mapping to ensure continuous
data acquisition even in cloud-covered regions and/or periods [2,22,23]. Freely available at
the global scale, the Sentinel-1 C-band SAR images (S1) are generally used [24-29]. Finally,
some authors have taken advantage of both VIS-NIR and SAR satellite images to improve
crop-type mapping reliability [30-36].

In these studies, machine learning (ML) models allow for addressing the complex
patterns linking VIS-NIR and/or SAR signals with the observed crop-type, thereby facili-
tating automated decision-making processes [37,38]. ML models such as Random Forest
(RF) and Support Vector Machine (SVM) are generally used for satellite-based crop-type
mapping [39], due to their robustness in data processing, offering a reliable classification
when compared to other models [30,31,33,34,36,39-42]. Despite their advantages in various
scenarios, these models have limitations in modeling complex, high-order interactions
among variables. As a powerful and flexible alternative, the Gradient Boost (GB) algorithm
has emerged [43,44]. In recent years, several optimized implementations of GB, including
Extreme Gradient Boosting (XGB), Light Gradient Boosting (LGB), and Histogram-based
Gradient Boosting (HGB), have been developed, with significant improvements in Land
Use Land Cover (LULC) classification applications [45-52]. In some regions, XGB has been
found to provide more reliable LULC classification than both RF and SVM [51], while LGB
has been found to be more reliable than both RF, SVM, and XGB in other regions [46,48-50].
The examples mentioned above show that no ML model systematically outperforms the
others, turning crop-type mapping sensitive to the selected ML models.
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Contrary to physical-based models (e.g., hydrological models) that rely on predefined
input variables to run specific internal equations, ML models adapt their internal structure
to map input variables (predictive variables) to the variable to be predicted (dependent vari-
able). Therefore, ML models can be trained on any input variables, but their performance
depends mainly on the relevance of those variables [35,36,53,54]. In this context, many
authors use feature selection processes to address this challenge. The Variance Inflation
Factor (VIF), which assesses the extent to which the variance of the estimated regres-
sion coefficients is inflated by linear dependence among predictor variables, is commonly
used [36,54,55]. Despite its effectiveness in reducing multicollinearity among the predictor
variables, omitting the dependent variable in VIF-based feature selection results in the
retention (discarding) of irrelevant (relevant) predictor variables. To overcome this issue,
wrapper features selection methods, such as the Genetic Algorithm (GA) [42,56-59], Recur-
sive Feature Elimination (RFE) [60,61], or the Sequential Feature Selector (SFS) [53,62-65],
are generally used. Model-dependent wrapper methods are based on the ML model’s
performance [66,67]. In wrapped methods, different feature sets are iteratively considered
to assess the ML model’s predictive capabilities in order to retain the feature subset that
produces the most reliable ML model predictions. By considering both the dependent
variable and the ML model, wrapped methods improve feature selection and, consequently,
the reliability of the final ML output [63,67-70].

The ML model’s training process relies on different hyperparameters. While some
authors have adopted the default ML hyperparameter values [21,71-73], others have im-
plemented optimization techniques (i.e., Grid-Search) to enhance ML training [30,52,74,75].
Grid-Search optimization consists of running the ML model with all possible hyperpa-
rameter combinations to identify the combination leading to the most reliable ML con-
figuration. Although hyperparameter tuning often results in values that differ from the
default settings [75], the sensitivity of ML’s reliability to hyperparameter tuning has not
been extensively studied [76,77].

In this context, remote sensing-based crop-type mapping is expected to be sensitive to
(i) the choice of the ML model, (ii) the input variables selected, and (iii) the ML model’s
hyperparameter values. This study assesses this sensitivity by testing five ML models (RF,
SVM, XGB, HGB, and LGB) using Sentinel-2 (VIS-NIR) and Sentinel-1 (SAR) features as
predictive variables under various combinations of feature selection (VIF and SFS) and
hyperparameter tuning (Grid-Search). The goal is to identify the most reliable ML setup
for satellite-based crop-type mapping. Although focused on crop-type mapping, this
sensitivity analysis can apply to any ML modeling forecast, underscoring the importance
of rigorous strategies for ML models and feature selection, along with hyperparameter
optimization, all controllable by the ML end-user.

2. Materials
2.1. Study Area

The study area is located in the central part of the Bolivian Altiplano, around the
Poop6 basin (16°54’S, 66°20'W-20°01'S, 67°55'W), at a mean elevation of approximately
3700 m.a.s.l., in the plain [78-80] (Figure 1). In this region, agriculture (along with mining)
is the main economic activity. The main crops grown in the area are potato, quinoa, and
alfalfa, along with other crops such as broad beans and barley [50,54]. Potatoes are a
key source of revenue for farmers and are significant for the development of other crops
due to their role in crop rotation systems. Seeds such as quinoa are often sown in soils
where potatoes have previously been cultivated [81-83]. Historically, quinoa cropping
was mainly located in the southern part of the studied region, known as the intersalar
(saltpan) zone, between the Poopé Basin and the Salar de Uyuni [84]. By 2020, quinoa
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cultivation had expanded significantly along Lake Poopé’s eastern coast—encompassing
Toledo, Corque, Huari, and Challapata—engaging roughly 6000 families [78,85] Quinoa’s
exceptional nutritional profile has driven rising global demand, yet its future cultivation
in this region is at serious risk of becoming unsustainable, due to water scarcity, as has
already been observed in the area [4,86].
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Figure 1. Study area location (a,b) with agricultural plot delimitations (c), number of observations
per crop type (d), and phenological stages of the considered crop type (e). Adapted for sowing and
harvesting periods in the region [87-90].

2.2. Reference Observations

Field campaigns were conducted between February and March 2022 to delineate crop
and non-crop (NC) areas using a GPS navigator (Garmin GPS Map 65s, Schaffhausen,
Switzerland). This period corresponds to the stage of maximal leaf development for the
studied crops (Figure 1e), which facilitates crop-type differentiation in both the field and
the S1 and S2 images. The selections focused on the six main crops in the region (quinoa,
potato, broad beans, barley, alfalfa, and oats) (Figure 1c,d). Then, a 5-m buffer was applied
to all delineated polygons to ensure that the included Sentinel pixels (S1 and S2) were
influenced solely by the target crop type and not by mixed signals from adjacent areas.

2.3. Sentinel-1 Images and Preprocessing

Sentinel-1 (S1) is a constellation of two satellites launched with 180° opposing orbits
in April 2014 (S1-A) and April 2016 (S1-B, decommissioned in December 2021 following
a power supply issue). S1-A has a 12-day revisit time period and acquires radar signals
(C-band) according to two polarizations, vertical-vertical and vertical-horizontal (VV and
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VH, respectively) in interferometry mode with a central frequency of 5.405 GHz. S1 images
are available (i) as a Single Look Complex (SLC) product, which includes both phase and
amplitude data, and (ii) as a Ground Range Detected (GRD) product, which includes direct
surface characteristics through intensity images. Both SLC and GRD products are available
in ascending and descending orbits. To ensure consistency in the S1 observations across
space and time, only the GRD products from the ascending orbit were used. To cover the
entire area of interest and to minimize potential signal interference, three mosaics (made of
two S1 scenes) for three consecutive dates were made. The mosaicked images were then
stacked to generate a composite image, from which the mean VV and VH backscatter values
were extracted. Prior to the elaboration of the composite images, all required S1 scenes
were downloaded from the Canadian open-access platform Alaska Satellite Facility (ASF)
and preprocessed according to five successive steps: (i) edge noise removal, (ii) calibration,
(iii) terrain correction, (iv) thermal noise removal, and (v) speckle filter pixel smoothing
to improve the visualization of the images [2,30,38]. S1 preprocessing was carried out
using the Sentinel Application Platform (SNAP) 9.0, free software designed specifically for
handling Sentinel images [23].

2.4. Sentinel-2 Images and Preprocessing

Sentinel-2 (52) images are from a constellation of two satellites launched in June 2015
(52-A) and March 2017 (S2-B), arranged 180° apart, with a 5-day revisit time. 52 images
are composed of 13 spectral bands operating in (i) the visible (B1, B2, B3, and B4), (ii) the
near-infrared (B6, B7, B8, B8a, and BY), and (iii) the shortwave infrared (B10, B11, and
B12) spectrum, with the following different spatial resolutions: 10 m (B2, B3, B4, and BS),
20 m (B5, B6, B7, BSA, B11, and B12), and 60 m (B1 and B9). In this study, S2-A images
are used because they provide orthorectified, atmospherically corrected earth-surface
spectral information (i.e., Bottom of Atmosphere—BOA). To cover the study area, a total
of eight S2 scenes were downloaded from the European Space Agency (ESA) website. To
minimize cloud coverage that would prevent observation of the delimited agricultural
plots, images acquired on 29 March 2022 were used, as they had cloud cover of less than
20% and corresponded to the maximum leaf development of the crops (Figure 1e).

2.5. Machine Learning Models

Five classification machine learning (ML) models were selected for this study:
(i) Random Forest (RF), (ii) Support Vector Machine (SVM), (iii) Histogram-based Gra-
dient Boosting (HGB), (iv) Extreme Gradient Boosting (XGB), and Light Gradient Boosting
(LGB). These models were chosen as they all include a class weight hyperparameter that
allows for dealing with unbalanced datasets. This is crucial for addressing the imbalance
in the number of observations per class in the available learning database (Figure 1d). It
achieves this by adjusting the classification cost for underrepresented classes (those with
fewer observations) [91]. This correction prevents the model outputs from becoming biased
toward the classes with the highest number of observations in the learning database [59,74].

RF is based on decision trees [92]. This algorithm consists of training multiple trees
on random subsets of the observations and predictor variables of the training sample [93].
RF is widely used in statistical classification and in solving non-parametric regression
problems [94-96]. Due to its high adaptability to different observed data, RF is increasingly
used for LULC classification [2,21,34,51,52].

SVM is a classifier-supervised learning algorithm based on the separation of data by
hyperplanes [97], which is a non-parametric technique for discriminating classes based
on differences in their characteristics [52,98]. This technique is commonly used in remote
sensing due to its high capability to handle non-normal data. Additionally, it allows for
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the selection of a kernel function to process distinct data and to fit the optimal model for
the intended application. SVM is regarded as one of the top-performing classifiers and has
been successfully applied to LULC mapping in various regions [39,54,99,100].

XGB is a tree-based model that employs gradient boosting to optimize a loss function.
It sequentially refines weak models to correct prior errors, achieving high accuracy and effi-
ciency. However, its performance may decline in high dimensional spaces [101], requiring
proper preprocessing and feature selection. For tasks such as crop-type identification and
land-use classification, XGB frequently demonstrates superior performance compared to
other machine learning models [42,47,52,102].

LGB is a GB variant designed for faster training and greater efficiency [49,103]. It is
particularly valued for handling large datasets with relatively low GPU resource consump-
tion [48]. This algorithm has been used in various land cover mapping studies [41,48-50,61],
frequently outperforming other machine learning models [43,48-50].

HGB is an improved version of GB, that reduces model processing time by discretiz-
ing continuous input variables into histogram-based sets, making memory usage more
efficient when dealing with large datasets. Although HGB was previously used for dif-
ferent tasks, such as accident prediction [104], computer security [105], or in the indus-
try [106,107], its use in environmental science is limited, with only one known LULC
classification study [108]. Consequently, this study will assess its suitability for crop-type
mapping and benchmark its performance against the other well-established models (RF,
SVM, XGB, and LGB).

3. Methods

3.1. Machine Learning Database Elaboration

Firstly, S1 polarization (VV and VH) and S2 reflectance (B1, B2, B3, B4, B5, B6, B7, BS,
B8a, B9, B11, and B12) data were resampled to a 20-m spatial resolution using the nearest
neighbor method [59,109,110]. Geometric alignment between the S1 and S2 images was
then performed with the SNAP collocation tool, which leverages image metadata to ensure
accurate spatial overlap, particularly for areas not affected by topography [23].

Secondly, to capture specific crop traits, a comprehensive set of predictors was com-
puted. This set included the 12 S2-spectral reflectance bands and 12 vegetation indices
(VIs) commonly used for LULC classification (Table 1) [2,31,38,51,111-113]. Regarding
51, in addition to the VV and VH polarizations, 3 polarization indices (PIs) [1,30,38,114]
and 16 texture indices (TIs) were derived (Table 2). The TIs have been shown to enhance
vegetation classification accuracy [30,115,116] and were calculated using the Gray-Level
Co-Occurrence Matrix window size 7 x 7 (GLCM). The S1 local incidence angle (LIA)
is also considered, as it significantly influences the energy reflected to the sensor, with
variations resulting from different geographical conditions [117].

Table 1. S2 features used in the modeling process.

Index/Acronym

Definition References

Sentinel-2 bands

B1, B2-Blue, B3-Green, B4-Red, B5-Rededgel, B6-Rededge?2,
B7-Rededge3, B8-NIR, B8a-Rededge4, B11-SWIR1, B12-SWIR2

BSI (SWIR1 + RED — NIR — BLUE)/(SWIR1 + NIR + RED + BLUE) [54]

EVI (2.5 x (NIR — RED))/(NIR + 6 x RED — 7.5 x BLUE + 1) [54,118]
GNDVI (NIR — GREEN)/(NIR + GREEN) [119]
MNDWI (GREEN — SWIR?2)/(GREEN + SWIR2) [120]
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Table 1. Cont.

Index/Acronym Definition References
NDMI (NIR — SWIR1)/(RED + SWIR1) [54]
NDVI (NIR — RED)/(NIR + RED) [54]
NDWI (GREEN — NIR)/(GREEN + NIR) [120]

SAVI ((NIR — RED)/(NIR + RED + 0.428)) x 1.428 [118]
IAF (VNIR4 — VNIR1)/(VNIR4 + VNIR1) [17]

0.3037 BLUE + 0.2793 GREEN + 0.4743 RED +

TC_Brightness 0.5585 NIR + 0.5082 SWIR1 + 0.1863 SWIR2 [54]
TC_Greenness 0.2848 BLUE — 0.2435 GREEN — 0.5436 RED + [54]
0.7243 NIR + 0.084 SWIR1 — 0.18 SWIR2
TC_ Wetness 03106 NIR — 07112 SWIRI - 04572 SWIR? 54
Table 2. S1 features used in the modeling process.
Index/Acronym Definition References
Sentinel-1 Polarization VV and VH [23]
LIA [121]
Ratio VV/VH [1]

RVI 4-VH/(VV + VH) [122]

NDI VV (VV — VH)/(VV + VH) [38,54]

NDI VH (VH — VV)/(VH + VV) [38,54]

VV_Contrast, VV_Dissimilarity, VV_Homogeneity,

VV_GLCM VV_AngularSecondMoment, VV_Energy, VV_Entropy, [87]

VV_Correlation, VV_Mean, and VV_Variance

VH_Contrast, VH_Dissimilarity, VH_Homogeneity,
VH_GLCM VH_AngularSecondMoment, VH_Energy, VH_Entropy, [87]
VH_Correlation, VH_Mean, and VH_Variance

Finally, the values of these features were extracted from the pixels within the delineated
agricultural plots. The resulting learning database comprises 10,637 observations, with
2591, 282,176, 63, 47, 272, and 7206 corresponding to quinoa, potatoes, barley, broad beans,
oats, alfalfa, and non-crops, respectively (Figure 1d). The database was then randomly split
into training (70%) and validation (30%) datasets.

3.2. Feature Selection

Multicollinearity and hyperparameters are two critical aspects to handle to achieve
reliable machine learning outputs [39]. Multicollinearity is a well-known problem that can
reduce model robustness due to redundancy among the selected independent variables. To
address this point, the Variance Inflation Factor (VIF) is commonly employed [41,63,74,78].
The VIF assesses the correlation among independent variables to identify redundancy and
thus to eliminate variables. As a model-independent process, the VIF does not consider
the model’s structural sensitivity to the features taken (i) independently and/or (ii) in
combination with the feature sensitivity to the dependent variable. As a result, the VIF
may discard (maintain) some features that could have been relevant (irrelevant). In this
context, wrapper feature selection methods, such as the Genetic Algorithm (GA), Recursive
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Feature Elimination (RFE), or the Sequential Feature Selector (SFS), offer the advantage
of accounting for the model’s feature sensitivity, enabling model-specific feature subset
selection. In fact, the wrapper approach consists of assessing the model’s sensitivity to
various feature subsets to retain the one leading to the most reliable model prediction.
Despite higher computational costs, the wrapper method significantly increases model’s
reliability rather than the simple VIF method [59]. This study employs sequential feature
selection (SFS), a method that has been shown to be effective for LULC classification [63,65].
The SFS operates under an iterative procedure that incrementally constructs an optimal
feature subset by adding or removing features based on model performance [60]. It
comes in two main variants: sequential forward selection, which starts with no features
and adds them one at a time, and sequential backward selection, which starts with the
full set of features and removes them one at a time. At each step, sequential forward
selection (backward) adds (removes) the feature and selects the one whose modification
leads to the best model performance. In this study, the SFS with the sequential forward
selection is adopted.

3.3. Hyperparameter Tuning

Each machine learning model (i.e., RF, SVM, XGB, HGB, and LGB) comes with its own
hyperparameters that governs its learning process (Table 3). Optimizing the hyperparame-
ters is crucial to significantly increase the model’s performance [42] and helps to prevent
issues of overfitting or underfitting [123,124]. The Grid-Search tool is commonly used to
explore all possible hyperparameter combinations using a k-fold validation to evidence the
hyperparameter combinations leading to the most reliable model output. Many authors
have used this procedure to improve the model’s reliability for soil moisture [123], soil
salinity [125], and LULC mapping [28,52].

Table 3. The models” hyperparameter tuning.

Optimum Values

Default
Model Hyperparameters Range Values Scenariol Scenario2  Scenario 3
(S1) (S2) (S1+S2)

n_estimators 50-200 (Step = 10) 100 180 200 180
RE max_features 1-N, sqrt, log2 sqrt 3 6 5
max_depth 10, 20, 25, 30 None 20 30 25

bootstrap True, False True True False True
C 0.1, 10, 100 1 10 100 10

SVM gamma 0.001,0.01,0.1,1 auto 0.001 1 0.001

kernel Rbf’, ‘Linear’ rbf rbf rbf Linear

n_estimators 50-200 (Step = 10) 100 130 200 100

LGB colsample_bytree 0-1 (Step =0,1) 1 0.4 04 0.8
max_depth 10, 20, 25, 30 -1 25 10 10
num_leaves 31,41, 51, 61 31 31 41 61

n_estimators 50-200 (Step = 10) 100 200 70 200

XGB colsample_bytree 0-1 (Step =0,1) 1 0.8 0.7 0.7
max_depth 10, 20, 25, 30 6 20 10 10

max_iter 50-200 (Step = 10) 100 190 170 170
HGB max_leaf nodes None, 30, 60 30 None None 60
max_depth 10, 20, 25, 30 None 25 25 30

max_features 0-1 (Step =0,1) 1 0.9 0.8 0.4

It is worth mentioning here that other techniques (i.e., Random-Search tool) are avail-
able for hyperparameter tuning. While Grid-Search explores the model for sensitivity to all
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hyperparameter combinations possible, the Random-Search tool evaluates a fixed number
of hyperparameter combinations making it more efficient for high dimensional datasets.
As the considered dataset includes more observations than variables (i.e., low dimensional
dataset) we selected the Grid-Search tool rather than the Random-Search tool to reduce
the randomness in hyperparameter tuning and to ensure the selection of the optimum
hyperparameter combinations.

3.4. Issues Related to Unbalanced Datasets

An imbalanced training dataset—where certain classes contain significantly more
observations than others—tends to increase (decrease) the prediction accuracy of the
class with the highest (lowest) number of observations [97]. To mitigate this effect and
to enhance overall model efficiency, a class weight hyperparameter was systematically
applied during the training of each algorithm (RF, SVM, LGB, XGB, and HGB). A class
weight hyperparameter assigns class-specific weights to encourage the model to emphasize
minority classes and to mitigate bias toward majority classes. Higher weights increase the
penalty for misclassifying minority classes, whereas lower weights decrease the influence
of frequent errors on majority classes in the overall loss.

3.5. Machine Learning and Dataset Assessment

To assess the sensitivity of crop-type mapping to machine learning models and remote
sensing features, three scenarios are considered. The first scenario (Scenario-1) uses S1
polarization along with TIs, PIs, and LIA as independent variables to assess the standalone
S1 potential. The second scenario (Scenario-2) employs S2 bands along with VIs as inde-
pendent variables to determine the standalone S2 potential. The third scenario (Scenario-3)
integrates independent variables from Scenario-1 and Scenario-2 to assess the complemen-
tary value of combining S1 and S2 data. Each scenario is evaluated for the five machine
learning models (RF, SVM, XGB, HGB, and LGB) using the commonly used two-step ap-
proach applying (i) the VIF feature selection and (ii) hyperparameter tuning (Grid-Search)
on top of the VIF-selected features. In this process, the learning database is separated in
two sets: the training set (gathering 70% of the total observations) and the validation set
(30% of the total observations). For each model and scenario, the hyperparameters are
tuned on the training set via the Grid-Search function with 5-fold cross-validation using
overall accuracy (OA, Equation (3)) as the objective function. Following hyperparameter
tuning, each model is trained for each scenario (Scenario-1, Scenario-2, and Scenario-3) with
the optimum hyperparameter combination using the training dataset and validated using
the validation dataset. For the validation step, the model performance is evaluated using
a suite of metrics derived from the confusion matrix: Precision, Recall, Overall Accuracy
(OA), and the F1 Scores (Equations (1)—(4)). These metrics quantify the predictive perfor-
mance by measuring the balance between true positives (TP), true negatives (TN), false
positives (FP), and false negatives (FN), with scores ranging from 0 to 1, where 1 represents
the optimal performance.

Precision = TP/(TP + FP) (1)

Recall = TP/(TP + FN) (2)

OA = (TP + TN)/(TP + FP + EN + TN) 3)

F1 score = 2-(Precision-Recall) / (Precision + Recall) 4)

3.6. Crop-Type Mapping Sensitivity to Feature Selection and Hyperparameter Setup

Using the most reliable model and scenario (i.e., Scenario-3) identified in the pre-
vious section, different feature selection and hyperparameter tuning combinations are
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assessed. In this process, the commonly used two-step approach (VIF, Grid-Search) is
used as a benchmark (hereafter referred to as SU-1) and compared to five feature selection
and hyperparameter setups (SU). SU-2 consists of running the SFS with the optimized
hyperparameters obtained from the VIF-selected features (SU-1), while SU-3 performs
additional hyperparameter tuning on top of the SFS-selected features (SU-2). SU-4 consists
of running hyperparameter tuning considering all available features (without the VIF),
while SU-5 consists of running the SFS with the optimized hyperparameters obtained
in SU-4. Finally, SU-6 consists of running additional hyperparameter tuning on top of
the SFS-selected features (SU-5). The SUs’ consistency is assessed through the Precision,
Recall, OA, and F1 Scores along with their respective confusion matrices, while the input
features’ relevance is quantified by the Permutation Importance (PI) value. The PI value
measures the sensitivity of a trained model to each feature, with values ranging from 0 to 1.
It is calculated in two steps. First, the model is evaluated on the validation dataset to
obtain its original accuracy (i.e., OA). Then, for each feature, the values are randomly
shuffled, and the model is run again using the modified validation dataset. The PI value is
determined by subtracting the post-shuffle from the original accuracy. Thus, the PI value
reflects the reduction in model accuracy that occurs when the values of each variable are
independently disrupted.

3.7. Crop-Type Mapping

To provide more insight into the differences among the model-scenario combination
outputs, crop-type maps derived from the best model-scenario-SU combination are pro-
vided for Regions 1, 2, and 3 (Figure 1b). Then, the best model-scenario-SU combination is
used to develop crop-type maps for the 2019-2024 (6-year) period to highlight the benefits
of the proposed method for crop monitoring in space and time. For this step, the map-
ping is limited to Region 4 (Figure 1), a region where cloud-free images were available
for each year (2019-2024) and for the maximum leaf development of the studied crops
(March, Figure 1e).

4. Results
4.1. Crop-Type Mapping Sensitivity to Machine Learning Models and Input Features

Figure 2 shows the models’ scores obtained at the validation steps for the scenarios
(Scenario-1, Scenario-2, and Scenario-3).

All models provided lower crop-type identification accuracy when using S1 data
alone (Scenario-1) compared to using S2 data alone (Scenario-2). An improvement in the
OA scores of approximately 3.4%, 9.6%, 3.4%, 3.4%, and 3.4% is observed for RF, SVM,
XGB, HGB, and LGB when Scenario-2 is considered in comparison to Scenario-1. The
lower statistical scores observed for Scenario-1 are due to the S1 radar sensitivity to surface
roughness. In the case of agriculture plots, surface roughness is expected to be larger than
the C-band (S1) wavelength (i.e., 5 cm), which leads to the saturation of the signal returned
to the satellite. Unlike the C-band, the VIS-NIR spectrum is sensitive to crop composition.
Actually, in the VIS-NIR spectral range, the return signal to the satellite is a function of
crop nitrogen concentration [6,8], aboveground biomass [6], chlorophyll content [10], fiber
content [126], and water content [127]. As these features are specific for each crop type,
they allow a better crop discrimination from the S2 features (Scenario 2).

The integration of Sentinel-1 and Sentinel-2 data (Scenario-3) significantly enhanced
reliability for most models, achieving overall accuracies (OA) of 0.94 (RF), 0.96 (XGB),
0.96 (HGB), and 0.96 (LGB). This demonstrates the complementary value of the VIS-NIR
and radar signals for crop identification, a finding consistent with previous studies carried
out in Brazil [33], India [31], Croatia [30], and China [34].
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Figure 2. OA, F1, Recall, and Precision scores obtained for Scenario-1, Scenario-2, and Scenario-3
using RF (a), SVM (b), XGB (c), HGB (d), and LGB (e).

4.2. Hyperparameter Tuning Sensitivity to Input Features

For every model and scenario, the tuning process yielded values distinct from the
default hyperparameter settings (Table 3). Hyperparameter tuning is sensitive to the in-
put feature set, with different hyperparameter combinations observed for each scenario
(Scenario-1, Scenario-2, and Scenario-3). The discrepancies observed—(i) between tuned
and default hyperparameters, and (ii) across the scenarios—highlight the importance of
tuning hyperparameters to establish an optimal model and to ensure stable, reliable pre-
dictions. In the RF model, the “max_depth” value is set to “none” by default, meaning
this hyperparameter increases indefinitely. However, the tuning process shows that in-
termediate values (e.g., 20, 25, and 30) can be adopted to avoid overfitting. In the SVM
model, the “kernel” hyperparameter aims to understand the distribution of the data in
the hyperplane. Scenario-3 presents a different value (“linear”) than the default (“rbf”)
highlighting a tendency toward linearity with an increase of the considered variables. In
the XGB model, “col_sample_tree”, which shows the proportion of the features used for
the model, is set to 1 by default. Its reduction after hyperparameter tuning suggests a
possible overfitting, since the randomness of the samples is reduced by removing a small
percentage of the predictive variables in each tree. Similarly, the optimization process also
tends to reduce “colsample_bytree” in the LGB model to minimize a potential overfitting
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issue. The differences in the “colsample_bytree” values observed for both models (LGB
and XGB) and for all scenarios should be related to their different structure. Finally, in
the HGB model, the optimization process used fewer trees as subsets (e.g., “max_depth”)
but allowed for deeper leaf formation (e.g., “max_leaf_node”), enabling higher levels of
subsets than the default setting. In addition, the “max_feature” decrease observed for all
scenarios (especially Scenario-3) highlight an attempt toward an overfitting reduction.

4.3. Crop-Type Mapping Sensitivity to Feature Selection and Hyperparameter Setup

To avoid redundancy, the sensitive analysis is conducted on the XGB and LGB models
(Scenario-3 dataset), which are the two most reliable models for the Altiplano crop-type
mapping (Figure 2).

Figure 3 shows the confusion matrices obtained and the corresponding features’ PI
values for all SUs obtained with the LGB model. A comparison between SU-1 and SU-4
reveals higher Recall scores across all crop classes for SU-4. (Figure 3). This suggests
that the VIF may discard (or retain) features that could increase (or decrease) the model’s
predictive reliability. Actually, three of the top five variables with the highest PI score in
SU-4 (VH_Variance, B9, and B1) were removed by the VIF filter in SU-1. This apparent
adverse effect of the VIF is observed for all SUs where it was applied (SU-1, SU-2, and
SU-3). Despite subsequent wrapped feature selection (SFS) and hyperparameter tuning,
model reliability remained relatively stable and showed limited improvement across these
units and classes. The pattern is further corroborated by results from SU-5, in which
four of the top five features (B1, B9, B7, and VH_Variance) were also removed by the VIF
filter in SU-1, even though SU-5 itself utilized the SFS. A comparison between SU-5 and
SU-4 shows that overall model reliability remains stable across all classes. This behavior
can be explained by the fact that SU-5 uses the tuned hyperparameters obtained with all
features as input (SU-4). As indicated in Table 3, hyperparameter tuning is sensitive to the
input features. Consequently, the additional hyperparameter tuning performed for SU-6
leads to improved model reliability, most notably for the class with the previously lowest
Recall score (potato).

Figure 4 shows the confusion matrices obtained and the corresponding features’ PI
values for all SUs obtained with the XGB model.

As observed for the LGB model, the consideration of the VIF discarded some features
(B1 and BY) that played a key role in the model’s predictive reliability (PI > 0.05 in SU-4).
Consequently, similar higher Recall score values are observed for most of the considered
classes in SU-4 than in SU-1 (Figure 4a,g). As observed for the LGB model, additional
wrapped feature selection (SU-2) and hyperparameter tuning (SU-3) after the VIF (SU-1)
do not improve the XGB model accuracy (Figure 4b,c). This observation confirms the VIF
adverse effect on model reliability related to the exclusion (or retention) of features that
could increase (or decrease) the model’s predictive reliability. Finally, comparing SU-2
(SU-5) with SU-3 (SU-6), higher Recall score values are obtained for most of the considered
classes after hyperparameter tuning (SU-3 and SU-6). This shows that hyperparameter
tuning allow the models to fit to the selected features to ensure consistent model outputs.

Despite the benefit of the proposed three-step nested approach, inconsistencies re-
main in the models prediction with misclassified classes in the confusion matrices. In an
agriculture environment with limited material/financial resources (such as the Altiplano
region), important crop development heterogeneity is observed in between and inside the
agriculture plots. Due to the spectral signature sensitivity to the crop development (water
content, nitrogen, fiber, etc.) the spectral signature range associated to the different crop
type is large, and similar spectral signatures may have been attributed to the different crop
type during model training to contribute to the misclassification of some pixels.
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features and corresponding PI values (d—f,j-1) for the LGB model. To improve the graphical represen-
tation, only the top 20 features with the highest PI values are shown for SU-1 (d) and SU-4 (j).
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Figure 4. Confusion matrix obtained with all considered SU (a—c,g-i) along with the SU-selected
features and corresponding PI values (d—f,j—1) with the XGB model. To improve the graphical repre-
sentation, only the top 20 features with the highest PI values are shown for SU-1 (d) and SU-4 (j).
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4.4. Computational Costs

Table 4 presents the training process time required for all considered SUs for both
the LGB and XGB models on a computing environment with the following features:
Operating System—Microsoft Windows 11 Professional (Version 25h2, Build 26200);
Processor—Intel Core i7-10610U CPU @ 1.80GHz (2.30 GHz); RAM—32 GB; System
Type—64-bit, x64-based architecture.

Table 4. Training process time (in hours) to run all SUs for both the LGB and XGB models.

SU-1 SU-2 SU-3 SU-4 SU-5 SU-6
(VIF+GS) (All+GS) (VIF+GS+SFS) (All+GS) (All+GS+SFS) (All +GS + SFS + GS)
LGB 4.1 4.6 8.3 5.7 9.6 10
XGB 0.8 1 1.5 1.3 2.4 2.9

When comparing the LGB and XGB models, the training processing time is more than
four times faster for the XGB model and for all considered SUs. The wrapped features
selection (SFS) implies significant additional process time than hyperparameter tuning
(GS). Actually, an extra processing time of 50% (84.6%) and 80.4% (68.4%) is required to run
the SFS on top of SU-3 for the LGB and XGB model, respectively, whereas hyperparameter
tuning (on top of SU-5) increases the processing time by only 4.2% and 20.8% for the LGB
and XGB model, respectively. Regarding the improvement brought by the three-step nested
modeling approaches (SU-6) the additional process time is worth it. Actually, for the LGB
(XGB) model, improvements of 12.8% (—3.4%), 0% (Bolfe.3%), 3.4% (10.8%), 8.7% (4.3%),
10.9% (1.3%), 2.1% (4.3%), and 1% (0%) are observed for the alfalfa, oats, barley, broad bean,
potato, quinoa, and NC classes when comparing SU-6 with SU-1. It is worth mentioning
that the training processing time is only required once before model application. Therefore,
despite a longer calibration processing time, the LGB model should be considered for crop-
type mapping. Indeed, considering SU-6, the LGB model reached a Recall score superior to
0.8 for all the considered classes and a similar-to-higher Recall score than the XGB model
value for six of the seven considered classes (Figures 3i and 4i).

4.5. Crop-Type Mapping and Temporal Analysis

Figure 5 displays the crop-type maps for Region 1, Region 2, and Region 3 (Figure 1)
derived from the optimal model-scenario—SU combination (LGB, scenario 3, SU-6).

Region 1 is primarily cultivated with alfalfa (45%), barley (38%), and quinoa (8%).
While alfalfa is distributed throughout the region, quinoa and barley are primarily grown
in the north and south, respectively. Region 2 is also dominated by alfalfa (57%), along
with barley (16%) and quinoa (13%). In contrast to Region 1, the crop distribution here
is more homogeneous, with no distinct spatial clustering or production hotspots for any
single crop-type. Located in the southern Altiplano, Region 3 is a traditional quinoa
production hotspot, with quinoa accounting for the largest share of cultivated area (41%).
The other primary crops are potato (29%), alfalfa (18%), and oats (12%). Spatially, quinoa
cultivation is concentrated in the central part of the region, whereas potatoes and oats are
grown primarily in the southwestern and northern areas, respectively. Notably, afalfa is
a significant crop in all three regions, cultivated primarily to support livestock breeding
(including cattle, sheep, and llamas).

Figure 6 shows the crop-type surface extent time evolution for the 2019-2024 period in
Region 4 (see Figure 1b), as observed by the LGB model with SU-6. In this region, quinoa,
alfalfa, and barley account for the main crop-type activities, with their cumulative surface
area collectively exceeding 80%. An interesting pattern of crop rotation between quinoa,
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alfalfa, and barley emerge, where an increase in quinoa cultivation corresponds to a decrease
in alfalfa area, and vice versa. Notably, quinoa was replaced by barley in the 2022 and 2024
growing seasons. Despite the fact that such rotations are a standard agricultural practice in
the Altiplano to prevent monoculture and to maintain soil fertility, this observation has to
be considered with caution. Actually, the crop-type spectral signature varies along time
due to crop development sensitivity to climate conditions (i.e., rainy season onset/ offset,
heat/cold waves). As the model was calibrated for a specific year (2022) with inherent crop-
type development, misclassification among the crop types may occur along the considered
time span (2019-2024), introducing uncertainties in the temporal analysis.
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Figure 5. Regions 1, 2, and 3 (a—c) with corresponding crop-type maps obtained using the LGB model
with SU-6 (d—f), along with the surface extent of the detected crop-types (g—i).
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Figure 6. Crop-type surface extent as detected by the LGB model with Scenario 3 across Region-4 for
the 2019-2024 period.
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5. Discussion

The use of the default hyperparameters for the LULC classification has proven highly
effective [21,71,73]. However, the introduction of hyperparameter tuning achieved con-
siderable classification improvements [30,52,74,75]. Similarly, the consideration of feature
selection has proven effective to improve model classification [53,59]. In this line, some
authors have combined feature selection with hyperparameter tuning to ensure an as
reliable as possible modeling output [30,123]. However, these studies did not compare this
modeling set-up (hyperparameter tuning and feature selection) with a modeling relying
on hyperparameter calibration or features selection alone. In this context, the proposed
framework assessed modeling sensitivity to several different hyperparameter tuning and
feature selection combinations.

The results reveal a key limitation of the Variance Inflation Factor (VIF) as a filter-based
feature selection method. As a model-agnostic process, the VIF assesses multicollinearity
without evaluating a model’s structural sensitivity to features, either individually or in
combination. Consequently, it may discard predictive features or retain irrelevant ones,
potentially undermining model performance. In this context, wrapper feature selection
methods, such as the SFS, are a better alternative because they iteratively select and evaluate
feature subsets during model training, thereby identifying the subset that produces the
most accurate predictions. This model-specific approach accounts for feature interactions
and the algorithm’s unique sensitivities, which explains the significant improvement in
model reliability observed when using the wrapped method over the VIF—a finding
consistent with prior remote sensing applications [60]. Therefore, despite their higher
computational costs, wrapper methods should be recommended to enhance the reliability
of crop-type mapping models. To advance this work, a comprehensive comparison of
wrapper techniques would provide guidelines to elucidate their specific advantages and
limitations (e.g., SFS, GA, and RFE).

Despite S1’s radar sensitivity to surface roughness [110], combining S1 with S2 features
increases crop-type mapping reliability (Figure 3). Actually, in the most efficient SU (SU-6),
the two most influential variables are derived from S1 (i.e., LIA and VH_Mean). The LIA is
sensitive to the topography variation. However, within the relatively flat terrain of the study
area, its variation effectively captures differences in aboveground vegetation height. As
the studied crops exhibit significant height variation, distinct LIA values can be associated
with specific crops. This is in line with a previous study highlighting the correlation
between the LIA and the precision of terrestrial object classification [117]. The VH_Mean
derived from the VH-based GLCM (Gray-Level Co-Occurrence Matrix), which quantifies
image texture based on the spatial relationships among pixels. Significant differences
in vegetation texture are expected among crops due to variations in plant morphology
and ground-cover density. Consequently, GLCM indices, such as VH_Mean, serve as
effective discriminators between crop types. In fact, previous studies have shown that
the GLCM indices improve image analysis and land mapping [128,129]. Figure 2 shows
the benefit of the S1 (i.e., LIA and VH_Mean) increase in combination with S2. In certain
circumstances, a similar S2 spectral signature can be observed for different crops. For
these specific situations, aggregating the S1-based crop morphology features (i.e., height
and above-crop texture—indirectly approximated by LIA and VH_Mean) improve the
crop-type classification, as the classification is not only based on spectral criteria but on
morphologic criteria

Among the crops studied, quinoa achieved the highest Recall score (Figure 3). This can
be attributed to its distinct structural and spectral characteristics, which differ markedly
from those of other crops. Quinoa grows primarily vertically, with plots forming rows
equally spaced (up to 1 m), which leaves much of the soil surface exposed. This unique,
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open-row structure of quinoa likely creates a highly contrasting C-band radar backscatter
signature compared to the other crops, such as alfalfa, oats, barley, broad beans, and
potatoes, which exhibit more balanced vertical and horizontal growth, leading to denser
canopy coverage. Spectrally, at maturity, quinoa varieties develop distinctive hues—such
as red, orange, or black—that are highly divergent from the senescence colors of other
crops. This pronounced spectral difference enhances its identifiability using Sentinel-2’s
visible-to-near-infrared (VIS-NIR) bands and derived vegetation indices.

It is important to acknowledge that applying crop-type models to areas or periods out-
side their training conditions—a challenge known as model transferability [130]—introduces
uncertainties, primarily due to radiometric variations [16]. In regions with important crop
development heterogeneity in between and inside the agriculture plots, similar spectral
signatures can be observed for different crops introducing uncertainties in the model learn-
ing leading to misclassification occurrences. As these spectral similarities are expected to
be spatially limited (i.e., pixel scale), using the average spectral signature derived from
the centered pixel and its eight neighboring pixel should decrease crop heterogeneity
uncertainties. Crop development heterogeneity is exacerbated along time due to crop
development sensitivity to climate variability (i.e., rainy season onset/offset, heat/cold
waves). A specific concern for this study is that the learning database was built using data
from 2022, a relatively dry year [131]. This likely induced above-average water stress and
under-average crop development, meaning the spectral signatures used for training as
well as the hyperparameters adapted to the specific domain of the training set may not
be fully representative of conditions in wetter years or regions. To mitigate this effect and
to enhance model robustness, additional crop plots should be delineated from a broader
range of years and geographic areas. This would broaden the spectral and phenological
variability in the training data and increase the model’s temporal and spatial reliability.
Visually interpreting high spatial resolution imagery from UAVs or satellites (e.g., Pleiades)
provides a practical method for delineating additional reference fields, thereby improving
the spatial distribution of reference observations and increasing the overall number of
observations in the learning database.

6. Conclusions

This study assesses the sensitivity of machine learning-based crop-type mapping to
various input features and modeling setups (feature selection and hyperparameter tuning).
The main findings are summarized below:

e Allmodels show that combining Sentinel-1 (S1) and Sentinel-2 (S2) yields more reliable
crop-type maps than using either data source alone, highlighting the complementary
value of radar and optical data. Hyperparameter tuning (i.e., Grid Search) proved
highly valuable, as optimal values consistently differed from model defaults and led
to significant performance improvements, underscoring the model’s sensitivity to the
input feature set.

e Incomparison to the VIF selection feature, which does not consider the model sensi-
tivity to the different input features, the wrapped features selection (SFS) consistently
improves the model output.

e  The most reliable model outputs are achieved using a three-step nested modeling
setup, including an initial hyperparameter calibration, followed by a wrapped feature
selection (SFS) and a final hyperparameter recalibration on the selected feature subset.

e  Among the tested models (RF, SVM, LGB, XGB, HGB), LGB and XGB (SVM) were the
most (least) reliable models for crop-type mapping

e From an end-user perspective, the integration of both S1 and S2 in the LGB model
with the proposed three-step nested modeling setup enables effective crop monitoring
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in space and time, facilitating the identification of dominant crop patterns in specific
regions and the analysis of crop rotation practices

While the proposed three-step nested modeling approach achieved high reliability in
crop-type mapping, future studies should assess more complex machine learning setups,
such as stacking or embedded modeling, to further enhance model reliability and stability.
Furthermore, improvements to the learning database is recommended to broaden the range
of crop-type spectral variations observed in space and time. Addressing this limitation is a
critical prerequisite for reliably deploying such models for operational, regional-scale crop
mapping and/or temporal monitoring.
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