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Abstract

Crop monitoring is an important aspect of agricultural management, as it provides insights
into cultivated area, crop health, growth patterns, and yields potential. Mapping cultivated
areas and identifying crop types was historically conducted through field surveys and
manual mapping, which are time-consuming and labor-intensive. Remote sensing classifi-
cation has transformed large-scale land cover mapping, including crop identification. This
work aims to: (1) compare the performance of Dynamic Time Warping (DTW) and two
machine learning families (artificial neural networks and decision trees) for crop classifi-
cation using Sentinel-2 data; (2) assess whether reflectance data, spectral indices, or both
yield better classification results; and (3) evaluate the effect of hyperparameters on model
performance. Among the DTW variants evaluated, dynamic time warping without a time
constraint performed the best, with an overall accuracy of 0.921 using the combination of
both reflectance and spectral indices. Most machine learning methods outperformed DTW.
Although the convolutional neural network reached the highest single accuracy (0.948), the
transformer was selected as the best model overall (accuracy of 0.944), as it combined a
comparable accuracy with the lowest sensitivity to hyperparameter variations, making it a
reliable option when testing machine learning architectures applied to crop mapping. This
work also provides insights for model architecture development based on an exhaustive
hyperparameter search for the machine learning models.

Keywords: crop classification; dynamic time warping; machine learning

1. Introduction

Crop monitoring is a critical component of agricultural management, providing es-
sential information on the spatial extent of cultivated areas, crop health, phenological
development, and yield estimation. Accurate crop mapping supports resource allocation,
food security assessments, and sustainable land management [1]. Traditionally, these tasks
relied on field surveys and manual mapping, which are labor-intensive, time-consuming,
and often limited in spatial and temporal coverage [2].

Recent advances in remote sensing classification (RSC) have transformed agricultural
monitoring by enabling large-scale, repeatable, and objective development of Land Use
& Land Cover Change (LULCC) maps. Sentinel-2, for example, provides high-resolution
multispectral imagery with frequent revisits, capturing vegetation dynamics across the
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growing season [3]. These data enable automated classification algorithms to distinguish
crop types by their spectral and temporal signatures, supporting more timely agricultural
decision-making [4].

Crop classification represents a specialized subset of LULCC mapping, focusing on the
identification and mapping of specific crop types within agricultural landscapes. Unlike
broader land cover classes, crops exhibit pronounced temporal variability in their spectral
response due to phenological development, management practices, crop rotation, and local
climatic conditions [5]. Moreover, some crops share similar spectral and phenological
characteristics, making them difficult to distinguish using traditional classification meth-
ods [6]. For example, crops such as wheat and barley may have similar spectral signatures
during certain growth stages, complicating their differentiation in remote sensing imagery.
The same occurs with fruit crops of the same family, such as citrus species (lemons, oranges,
and mandarins), which can exhibit similar spectral responses due to their shared physi-
ological traits and growth patterns. This variability poses unique challenges for remote
sensing-based classification, as crops may be difficult to distinguish for the given reasons,
and the timing of agricultural activities can vary significantly across regions and even
within the same valley. Additionally, factors such as irrigation, fertilization, and harvest-
ing schedules further influence the spectral and temporal patterns observed in satellite
imagery [7].

While LULCC maps are produced by evaluating the spectral response of land cover
types, crop classification maps are often produced by analyzing vegetation indices—most
commonly the Normalized Difference Vegetation Index (NDVI)—and their temporal dy-
namics [8-10]. Vegetation indices are mathematical combinations of reflectance values
from specific spectral bands (typically red and near-infrared) designed to enhance the
signal related to vegetation vigor, biomass, and photosynthetic activity. For crops, these
indices provide a more robust and interpretable measure of plant status than raw spec-
tral signatures, as they reduce the influence of soil background, illumination differences,
and atmospheric effects [11].

In contrast, spectral signatures represent the reflectance values across all available
bands at a single point in time, which can be affected by transient atmospheric condi-
tions, such as thin clouds or cirri. The interpretation of spectral signatures requires a
comprehensive understanding of the spectral response of different crops and their phe-
nological stages. This complexity can make spectral signatures less straightforward to
use for crop classification compared to vegetation indices for pattern recognition tasks.
However, whether spectral indices outperform raw reflectance for classification remains
debated [12,13]. Depending on the spatial arrangement of crops, different classification
approaches, from pixel-based to object-based, have been developed to capture temporal
dynamics at varying scales and from traditional algorithms to machine learning appli-
cations [14,15]. Pixel-based classification assigns a class label to each pixel based on its
spectral or temporal characteristics, often using statistical or rule-based approaches. Object-
based classification, in contrast, groups pixels into meaningful objects (such as fields or
parcels) and classifies these objects using aggregated features, which can improve accuracy
in heterogeneous landscapes [16].

Traditional methods—such as maximum likelihood classification and decision
trees—often rely on low-dimensional inputs and simple statistical assumptions, which may
struggle to capture the temporal dynamics of crops. Dynamic time warping (DTW) has
emerged as a popular method for analyzing time series data, including variants such as the
time-weighted dynamic time warping (TWDTW) method, which incorporates a temporal
cost to the DTW algorithm [17-22].
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Machine learning and deep learning methods, such as random forest (RF) and neural
networks (NN), learn complex patterns from data and can handle high-dimensional inputs
and nonlinear relationships, making them well-suited for crop classification tasks [23-25].
Feature extraction in machine learning models, especially in neural networks, involves
learning representations from raw input data that are most informative for the classification
task. For crop classification, this typically means identifying spectral and temporal patterns
that distinguish different crop types. In fully connected neural networks, feature extraction
is performed through successive layers of nonlinear transformations, while convolutional
neural networks (CNNs) use convolutional filters to capture local patterns and temporal de-
pendencies in the input time series [26]. These learned features can represent phenological
cycles, sudden changes in reflectance due to management practices, or subtle differences
in spectral indices between crops. The effectiveness of feature extraction depends on the
architecture of the model and the quality of the input data, with deeper or more complex
models generally able to capture more nuanced patterns.

However, the performance of these methods can vary depending on the characteristics
of the data and the specific classification task. For instance, DTW is effective in capturing
the temporal dynamics of crops, but it may struggle with high-dimensional data or when
the temporal patterns are not well defined [20]. Machine learning methods can handle
high-dimensional data and complex relationships, but they may require large amounts of
training data and careful tuning of hyperparameters to achieve optimal performance [24].
DTW has been compared with RF, obtaining a higher overall accuracy in most cases [27-31],
and neural networks have similarly been shown to outperform random forest [25,32,33].

This study compares the performance of a traditional method (dynamic time warping)
with two machine learning model families (neural networks and decision trees) expressed
in several architectures for crop classification using Sentinel-2 data in the Limari River basin,
Chile. The evaluation of whether reflectance data or spectral indices provide better results
for crop classification was also included. Additionally, an exhaustive hyperparameter
search for the different model structures was applied to evaluate the marginal contribution
of the most common hyperparameters for these models. By addressing these objectives, this
work advances the understanding of remote sensing classification methods for agricultural
monitoring through a systematic comparison of ML models.

2. Materials and Methods
2.1. Study Area

The study area is the agricultural zone of the Limari River basin located in the Near
North (Zn) natural Region (29°00’ S to 32°10’ S), in the Coquimbo Region, Chile. The Limari
River basin is characterized by a snow-melt-dominated regime, with two annual peaks of
streamflow. The first peak occurs in winter, due to the precipitation, and the second peak
occurs in spring and summer, due to snowmelt from the Andes Mountains. The basin has
an area of approximately 11,800 km? with a potential agricultural area of approximately
50,000 ha, of which 30,000 ha are cultivated in a normal period [34].

The climate of the Zn region is semi-arid with Mediterranean influence [35]. There
are climatic differences between the coast and the interior of the region, mainly influenced
by orography, the presence of the Humboldt Current, and the nature of wind and cloudi-
ness [36]. The coast has a lower temperature range and lower extremes than the interior,
and temperatures decrease from the interior to the Andes Mountains due to elevation.

Precipitation is also influenced by the orography, with the coastal zone receiving more
than the interior due to the presence of the coastal mountain range, which blocks the
passage of the humid air masses from the Pacific Ocean [37]. The precipitation intensity
increases in the Andes Mountains, as a second barrier, with the presence of snow in the
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winter months. The coastal areas receive a significant amount of their annual water input
in the form of fog [38], leading to a lower temperature range.

These factors create a climatically complex agricultural setting. In the Limari basin,
crops experience a wide range of temperatures, precipitation, and solar radiation, making
phenological characterization particularly challenging. In this valley, the climate on the
coast is characterized by abundant cloud formation; the central section is a temperate zone
with winter rains; and towards the Andes Mountains, there is a cold climate with snow in
the winter months [39]. Differences in temperature and precipitation lead to differences in
the phenology of the crops [6,40,41].

The high temperatures in the central valley towards the Andes Mountains have led to
the development of fruit crops with high economic revenue, such as table grapes, avocados,
and a variety of citrus species (lemons, oranges, and mandarins). The coastal area is mainly
used for the cultivation of vegetables, almonds, and olives, for olive oil production [42].
The study area, and the samples collected representing the crops grown in the area, are
shown in Figure 1.
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Figure 1. Study area. The (left panel) shows the agricultural zones (gray) used for filtering the grid
cells (described in the next section), the final grid used, and the Digital Elevation Model showing
the elevation changes across the study area. The (right panel) shows the samples collected for the
different classes used in this study.
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2.2. Methodology
2.2.1. Sentinel-2 Data

Sentinel-2 (S2) data were used to classify the crops in the Limari River basin.
The S2A_MSIL2A and S2B_MSIL2A products were used, which are the Level-2A products
of the S2 satellite series. The S2 data was acquired from the Copernicus Open Access
Hub, for the Chilean 21/22 agricultural season (from 1 May 2021, to 30 April 2022) with a
two-month buffer on each end to support gap filling. The 10-m resolution bands (B2, B3,
B4, and B8) were selected. Since the L2A products are already corrected for atmospheric
effects, the only correction applied was the Band Reflectance to Nadir BRDF-Adjusted
Reflectance (NBAR) correction, following the methodology proposed by Roy et al. [43]
to adjust reflectance values to a common viewing geometry and reduce the effects of the
seasonal variations.

Since the coastal zone of the Limar{ River basin is affected by clouds and fog by a
phenomenon called camanchaca [44], and the mountainous area is also affected by clouds
and snow, a grid was created to split the scenes into smaller areas to remove scenes
with clouds. Clouds may affect both areas, so the goal is to retain as many scenes as
possible while excluding cloudy scenes. The size of the study area was also reduced by
introducing a grid, which allows focusing on the agricultural areas determined by the last
cadastre of native vegetation performed by the National Forestry Corporation (CONAF).
The original study area has a 1280 x 1280 pixels, which was broken up into cells with
a size of 90 x 90 pixels initially, with a 10-m resolution, reduced to 56 grid boxes after
removing the areas without agriculture. The time series of the S2 data was split using the
grid for further selection of the cells with the best quality data, evaluated using the cloud
probability layer proposed by Skakun et al. [45], which improves on some shortcomings of
the cloud mask provided by the S2 products [46] and has been used in similar studies [47].

To improve the cloud detection, the cloud probability layer was used as input to
determine the quality of the scenes, enhancing high values. First, the probability layer
was modified through an aggregation process, aggregating the 10-m resolution cloud
probability layer to a 15 x 15 pixel resolution using the maximum value of the cloud
probability layer (hence, a resolution change to 150 m). This aggregation process helps to
reduce the noise in the cloud probability and detect pixels with high values. After this,
a focal statistics process was applied using a 7 x 7 kernel to propagate the maximum
value to adjacent pixels. Finally, a binary mask was created by thresholding the cloud
probability values greater than 80%. If a scene had more than 10% cloud detection over
the time period, it was excluded from the analysis. An example of this process is shown
in Figure 2, where a synthetic example scene is used to demonstrate the cloud processing
workflow, presenting the aggregation and focal statistics steps. The final computed value
shows that this scene yields 20% cloud-flagged pixels and would therefore be excluded
from the analysis. A manual revision was conducted to remove the scenes that presented
clouds and were not detected by the cloud probability layer.

Most of the class label samples related to crops were obtained from the Fruit Cadastre
of Coquimbo Region [42] and supplemented with field surveys. For sampling the crops,
one sample per parcel was withdrawn within the boundaries of the parcel to minimize
edge effect, mixed spectral signals, and to avoid data leakage during the experiments.
The crop classes ‘industrial grape’, ‘forage’, and ‘short cycle crop’ are not included in the
Fruit Cadastre, but were added to the study area since those are crops with economic
importance in the region. Sixteen classes were defined for analysis: nine fruit tree crops
(almond, avocado, industrial grape, lemon, mandarin, olive, orange, table grape, walnut),
two herbaceous crop categories (forage, short cycle crop), and five other land cover types
(barren, barren shadowed, riverside vegetation, urban, water). Due to limited information
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and the diversity of species, short-cycle crops were grouped into a single class. In total,
2683 samples were collected, distributed over 69 dates during the 2021 /2022 agricultural
season. The sample count per class is shown in Table 1.
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Figure 2. Cloud processing workflow demonstration with a synthetic example scene.

For each sample and date, reflectance values (p) were extracted, and missing data due
to cloud cover were filled using linear interpolation for the entire time series. Some class
labels exhibit similarities in their spectral and phenological characteristics, which can lead
to confusion during classification. For example, perennial fruit crops such as mandarin,
lemon, and orange share similar evergreen phenology and spectral responses, making them
difficult to distinguish using remote sensing data alone. Likewise, herbaceous classes like
forage and short-cycle crops often display overlapping temporal patterns due to similar
growth cycles. These similarities should be considered when interpreting classification
results, as they may contribute to misclassification between certain classes. Retaining
fine-grained crop classes, even when spectrally similar, deliberately creates a challenging
classification scenario to test the robustness and discriminative power of each method.

In this study, three different types of data were tested for the classification: (i) re-
flectance data, (ii) spectral indices data, and (iii) both reflectance and spectral indices data.
The spectral indices selected were the Normalized Difference Vegetation Index (NDVI),
the Enhanced Vegetation Index (EVI), the Green-Red Vegetation Index (GRVI), and the
Green Normalized Difference Vegetation Index (GNDVI). The equations used for the
spectral indices are presented in Table 2.

The inclusion of these spectral indices follows the approach commonly used in pre-
vious crop classification studies, where vegetation indices such as NDVI, EVI, GRVI,
and GNDVI serve as the primary input features for classification algorithms. This strategy
is based on the premise that spectral indices can enhance the separability of crop types by
emphasizing vegetation vigor and phenological differences, as demonstrated in numerous
remote sensing applications for agricultural monitoring.

A total of 100 samples per class were used for the k-fold cross-validation process.
These samples were split 67/33 into training and validation sets. When the combined
number of available samples for a class fell below 100, bootstrapping was applied to reach
that threshold, using the pre-defined train/validation splits to avoid data leakage between
splits. A k-fold cross-validation process was then applied, with k = 3, to obtain a more
robust evaluation of the performance of the methods. Samples in each of the k-fold splits
were drawn so that they did not fall within the same crop field, avoiding data leakage
between training and validation splits. All results are reported on the validation set for
each of the three folds.
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Table 1. Sample distribution for each class.

Class Samples
almond 160
avocado 124
barren 112
barren shadowed 169
forage 94
industrial grape 152
lemon 94
mandarin 145
olive 505
orange 106
riverside vegetation 92
short cycle crop 447
table grape 204
urban 99
walnut 95
water 85

Table 2. Spectral index equations used in this study. The pnjr, pr, pG and pp are the reflectance
values of the near infrared, red, green and blue bands, respectively. The w is a small constant to avoid
division by zero, which, in this case, was 0.000001.

Index Equation
PNIR—PR
NDVI pNIR;FPR+‘{‘37
. NIR—PR
EVI 2.5 PNIKP"‘6'f‘70R_7~5'PB+1
G—PR
GRVI PG+pRr+wW
GNDVI PNIR—PG
PNIRTPGHW

2.2.2. Classification Algorithms

DTW was selected as a baseline for time series classification and compared against
two families of ML methods. The first family is decision tree-based methods, which encom-
passes algorithms such as random forest (RF) and extreme gradient boosting (XGBoost).
The second family is neural networks (NN), which includes architectures such as multi-
layer perceptron (MLP), convolutional neural networks (CNN), recurrent neural networks
(RNN), and transformers. These methods were selected to compare a traditional time series
classification method (DTW) with the more complex methods widely used in recent years
for crop classification. This work aims to explore the hyperparameter spaces of the machine
learning methods to offer insights into the most critical architectural choices that affect the
performance of the models. Although this research does not aim to interpret the role of
the different features in the classification, the hyperparameter tuning process can provide
insights into the importance of certain features and how they contribute to the classification
performance for further research.

The overall setup of each method is as follows: for the DTW method, the performance
was evaluated with and without the temporal cost, using a logistic function to incorpo-
rate the temporal cost. For the machine learning methods, different architectures and
hyperparameters were evaluated to find the best configuration for each method. The perfor-
mance of each method was evaluated using standard classification metrics such as accuracy,
precision, recall, and F1-score.

The DTW method has been widely implemented for crop classification
tasks [16-20,29,30,48,49]. DTW is a distance-based method that measures the similarity
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between two time series by finding the optimal alignment that minimizes their distance. It
is particularly suited to crop classification because it accommodates phenological variability
arising from irrigation, fertilization, and local climatic differences.

The algorithm consists of two main steps: (i) the calculation of the distance matrix,
which measures the distance between each pair of time series, and (ii) the classification step,
where the class label is assigned to a new time series based on the nearest neighbor in the
distance matrix. The DTW method can be implemented using different distance metrics,
such as Euclidean distance or Manhattan distance, and different warping constraints, such
as Sakoe-Chiba band or Itakura parallelogram. The mathematical formulation of the DTW

method is as follows: B

DTW(X,Y) = min Y d(wy), (1)
W

where X and Y are two time series, w is defined as the distance between the k-th element of
X and Y, and W corresponds to the warping path, from which the minimum path for each
sample is extracted.

A variation of this method is the time-weighted dynamic time warping (TWDTW)
method, which incorporates a temporal cost to the DTW algorithm, allowing for a more
flexible alignment of time series that may have different lengths or temporal patterns [17].
The temporal cost (w) is defined as a function of the time difference between the two time
series, and it can be used to penalize alignments that are too far apart in time. For this
work, DTW was evaluated with and without the temporal cost, using a logistic function

as follows: .

“ij = 1 + e(8(titj)=B)’ @

where g(t;, ;) is the temporal distance between the two time series, « is a parameter that
controls the steepness of the logistic function, and f is a parameter that controls the location
of the function. Based on previous research, the values of « and § were set to the following
combinations: 0.1, 50; 0.1, 100; 0.05, 35 [17,18] for « and S, respectively.

For the machine learning methods, a grid search was conducted to obtain the marginal
contribution of each hyperparameter to the performance of the model and to find the best
configuration for each method. The approach and hyperparameters evaluated for each
architecture are summarized in Table 3, while the details of each hyperparameters and
values tested are described in Appendix C. The general description of each neural network
architecture is the following:

Table 3. Model architectures and the respective hyperparameters tested.

Model Hyperparameters

FENN1 1,12,13, Ir, and dropout

FENN2 11,12, 13, Ir, and dropout

CNN1  convl_channels, conv2_channels, 11,12, 13, Ir, and dropout

CNN2  convl_channels, conv2_channels, conv3_channels, 11, 12, Ir, and dropout
projection_size, Istm_hidden_state, Istm_num_layers, densel, dense2, Ir,

LSTM
and dropout
GRU projection_size, gru_hidden_state, gru_num_layers, densel, dense2, Ir, and dropout
TRF d_model, num_heads, num_layers, d_ff, Ir, and dropout
RF n_estimators, max_features, criterion, min_impurity_decrease, ccp_alpha
XGB n_estimators, max_depth, min_child_weight, learning_rate, subsample,

colsample_bytree, reg_lambda, reg_alpha
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*  Feed-forward neural networks case 1 (FFNN1): consists of a simple feed-forward
neural network of 3 layers, with dropout between layers, and a final softmax layer
for classification.

¢  Feed-forward neural networks case 2 (FFNN2): this experiment is a copy of the previ-
ous one with one extra pre-processing step, where a Principal Component Analysis
(PCA) is applied to the input data, reducing the dimensionality of the data to 15 com-
ponents to test if this pre-processing step can improve the performance of the model
by reducing the noise and redundancy in the data, especially considering the expected
confusions between classes with similar spectral and phenological characteristics.

*  Convolutional neural networks case 1 (CNN1): consists of a simple convolutional neu-
ral network with 2 convolutional layers, followed by a feed-forward neural network
with 3 layers, and a final softmax layer for classification. Dropout was included after
the batch normalization layer for each convolutional block.

e Convolutional neural networks case 2 (CNN2): similar to CNN1, but with three
convolutional layers and two feed-forward layers, with dropout after each feed-
forward layer.

e  Recurrent neural networks case LSTM (LSTM): consists of a bi-directional LSTM
layer, followed by a feed-forward neural network with 2 layers. This implementation
includes a linear projection layer before the LSTM layer to expand the dimensionality
of the input data, and dropout before the final layer.

e Recurrent neural networks case GRU (GRU): similar to the LSTM, but with a GRU
layer instead of an LSTM layer.

*  Transformer (TRF): consists of a transformer encoder layer, followed by a feed-forward
neural network, similar to the architecture in [50], with a linear projection layer and a
sinusoidal positional encoding as pre-processing steps.

For the decision tree-based methods, the description of the models are:

e Random forest (RF): consists of an ensemble of decision trees, where each tree is
trained on a random subset of the data and features.

e Extreme gradient boosting (XGBoost): consists of an ensemble of decision trees, where
each tree is trained to correct the errors of the previous trees. Since this architecture is
not as common to the previous one for RS classification, the hyperparameter search
was extended to learn more about this model.

The selection of the hyperparameters for each model is based on the architecture—especially
for the neural network family—and model complexity—especially for decision tree-based
methods. Since extreme gradient boosting is the model that has been reported less in
the literature for RS crop classification, the hyperparameter search was extended to learn
more about this model applied to this specific task. Hence, the number of hyperparameter
combinations for XGBoost is higher than for the other models. With 8 different hyperpa-
rameters and at least 3 values for each, the total number of hyperparameter combinations
for XGBoost is 20,736 per fold of the k-fold cross-validation and per dataset.

2.2.3. Evaluation Metrics

As mentioned before, the performance of each method was evaluated using standard
classification metrics, including accuracy, precision, recall, and F1-score, using a grid search
approach to evaluate the marginal contribution of each hyperparameter to the performance
of the model, and to find the best configuration for each method.
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To evaluate the performance of the classification methods, the Overall Accuracy (OA)
was calculated for each class, which is defined as the ratio of correctly classified samples to
the total number of samples for that class [51]:

=L 3)
n

The OA ranges from 0 to 1, where 1 indicates perfect classification, and 0 indicates no
correct classification. This metric was computed for the top-1 to top-5 candidate classes for
the top model of each experiment to understand the performance of the models in terms
of the most likely classes. This was done by selecting the top-5 classes with the highest
probability for each evaluated sample, and then computing the OA coefficient for k-classes
(more details in the Appendix B).

The Precision, Recall, and Fl-score were also calculated for each class, which are
defined as follows:

. TP
Precision = TP+ EP’ 4)
TP
Recall = TP+ EN’ (5)

where TP is the number of true positives, FP is the number of false positives, and FN is
the number of false negatives. The Fl-score is the harmonic mean of Precision and Recall,

defined as: o
Precision - Recall

Fl=2- Precision + Recall’

(6)

These metrics provide a more detailed evaluation of the performance of the classifica-
tion methods, especially in cases where there is an imbalance in the number of samples for
each class, which is common in crop classification tasks. Although for this case, the per-
formance of the models is evaluated using a balanced set of samples for each class, these
metrics can provide insights into the performance of the models for each class and help to
identify which classes are more difficult to classify.

Overall accuracy is a summary metric; it does not capture differences in how two
models distribute predictions across classes. To address this, the non-parametric Stuart-
Maxwell test was applied [52] with Holm-Bonferroni correction, which assesses marginal
homogeneity in a contingency table formed from two models” outputs with three or more
categories—a multiclass extension of McNemar’s test. This is a paired test that compares
how the two models distribute their predictions across classes, not their overall classification
accuracy; a significant result therefore indicates that the two models assign samples to
classes differently, and should not be interpreted as one model being more accurate than
the other.

2.2.4. Marginal Contribution of Hyperparameters

To evaluate the marginal contribution of each hyperparameter, the fANOVA frame-
work proposed by Hutter et al. [53] was used, which fits a random forest surrogate to
predict model performance across the hyperparameter space. The resulting variance
is then decomposed into the contribution of each hyperparameter and its interactions.
The surrogate model learns a predictive f, given a set of f algorithms with hyperparameter
settings 0, a subset of the configuration space ©®. After training the surrogate model, it
can be used to predict the performance of the ML model (§(0)) for a given combination of
hyperparameters. Then, the surrogate performance is decomposed additively as:

9(0) = Y fu(bu), 7)

UCN
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where U is a subset of the hyperparameters, and 0y; is the corresponding hyperparameters
for the subset U. Then, variance of §j across @ is defined as:

1 N .
V= g ] 000)  fo)ae, ®)

where fg, is the average performance of the model across all the hyperparameters. Func-
tional ANOVA method decomposes the variance considering all subsets of variables:

V=Y vy ©)
UCN
where V; is defined as:
1 N
V= / Fu(0)2d0y, (10)
[[®ul

where @y; is the subset of the configuration space for the subset U. Finally, the importance
of the main effect of the hyperparameter subset U is given by:

_Yu

F
U=y

(11)

This method allows identifying which hyperparameters have the most significant
impact on the model performance, and also identify the models that are less sensitive
to changes in the hyperparameters, which can be useful to evaluate the robustness of
the models under this scenario. Since the surrogate model is key to obtain the marginal
contribution of the hyperparameters, each surrogate model was optimized with a grid
search approach using 81 combinations of hyperparameters for each experiment using
80% of the data for training and 20% for testing, and then the surrogate model was trained
using all the data from the grid search to obtain a more robust estimation of the marginal
contribution of each hyperparameter to the model performance. Finally, the fANOVA
method was applied to decompose the variance of the performance into the contribution of
each hyperparameter, following the method proposed by Hutter et al. [53].

2.2.5. Final Classification of the Study Area

After the evaluation of all the models (including the baseline), a final classification of
the study area was performed using the best overall model, based on the robustness and
performance of the models evaluated. The models from the k-fold analysis were used for
the evaluation. To blend the models, a number of methods for combining their predictions
were tested. The approaches are the following:

Product of experts: this approach consists of multiplying the class probabilities of the
three models for each class, as follows:

3

Pens(c) o H pm(c) (12)

m=1

where pens(c) is the ensemble probability for class ¢, and py,(c) is the probability of class ¢
predicted by model m. This approach gives more weight to the classes that are consistently
predicted with high probability across the three models.

Averaging: this approach consists of averaging the class probabilities of the three
models for each class, as follows:

3
Pm (C) (13)

m=1

W =

Pens(c)
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This approach gives equal weight to the predictions of the three models.
Maximum rule: this approach consists of assigning the probability of the class based
on the maximum value across the three models, as follows:

Pens(c) Irgé pm(c) (14)

This approach gives more weight to the model that predicts the highest probability
for a given class, giving more weight to the most confident predictions from the individ-
ual models.

Finally, the ensemble scores pens(c) were normalized to sum to one to obtain the final
class probabilities for each pixel, and the class with the highest probability was assigned as
the final class label for each pixel in the study area. The output normalization is as follows:

/ _ Pens (€)
Pens(c) = Ty pens () (15)

where pls(c) is the normalized ensemble probability for class ¢, and 7 is the total number
of classes. This normalization step ensures that the final probabilities for each class sum
to 1, which is necessary for the final classification step, where the class with the highest
probability is assigned as the final class label for each pixel in the study area:

¢ =arg max Plens (c) (16)

3. Results

A total of 384 scenes across 96 dates were acquired from Sentinel-2 tiles T19]BG,
T19JBF, T19JCG, and T19JCF. After creating date-based mosaics, cropping to grid cells,
and applying cloud probability filtering, each cell retained between 24 to 73 valid scenes
(Figure 3). The coastal area retained fewer valid scenes owing to persistent camanchaca fog,
which is common in northern Chile. In the mountainous area, cloud cover is higher than
in the valley, but lower than in the coastal area. Missing data were filled through linear
interpolation, and samples were extracted from all cells and dates for the 69 dates of the
21/22 agricultural season for model training and testing, homogenizing the input for the
different models.

3.1. Experiment Results
3.1.1. Dynamic Time Warping Algorithm

For the DTW, 4 different algorithm sets were tested for the 3 different datasets (re-
flectance, spectral indices, and reflectance + spectral indices). The algorithms were the
following: (i) DTW without temporal cost, (ii) DTW with temporal cost using a logistic
function with « = 0.1 and B = 50, (iii) DTW with temporal cost using a logistic function
with « = 0.1 and g = 100, and (iv) DTW with temporal cost using a logistic function with
« = 0.05and 8 = 35.

The results of the DTW and TWDTW algorithms for the different runs are presented
in Table 4. The highest performance was achieved by the DTW algorithm using both
reflectance and spectral indices data, with an accuracy of 0.921, followed by the TWDTW
algorithm with « = 0.1 and B = 50 using both datasets, with an accuracy of 0.920. The low-
est performance was achieved by the TWDTW algorithm with « = 0.05 and B = 35 using
indices data, with an accuracy of 0.905. In general, the DTW algorithms achieved higher
performance than the TWDTW algorithms, with the exception of the TWDTW algorithm
with « = 0.1 and B = 50 using both datasets, which achieved a similar performance to the
DTW algorithm using both datasets. The performance of the algorithms was generally
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higher when using both reflectance and spectral indices data, compared to using only one
of the datasets. That said, all DTW-based methods show accuracy of roughly 91% with a
small spread based on the dataset and algorithmic choices.
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0

I
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Figure 3. Valid scenes by cell. The color palette indicates the number of valid scenes for each cell,
with red and orange colors indicating fewer valid scenes, while blue indicates cells with the highest
number of valid scenes.

After evaluating the performance of the different algorithm combinations, the Stuart-
Maxwell test was applied to evaluate the significance of the class distribution difference
between the algorithm combinations evaluated. The results are added as footnote in
Table 4. The only significant difference is between the TWDTW algorithm with « = 0.1 and
B = 100 using reflectance data and spectral indices data, and the TWDTW algorithm with
« = 0.1 and B = 100 using spectral data and both datasets. For the remaining algorithm
combinations, the difference between the outputs’ distributions is not significant.

For the DTW and most of the TWDTW algorithms, the performance was generally
higher when using both reflectance and spectral indices data, compared to using only
one of the datasets. The d(wy) tends to be lower for spectral indices, since the spectral
indices are designed to capture specific characteristics of the vegetation, such as the amount
of chlorophyll or the water content, which can be more stable and less affected by noise
compared to the raw reflectance data. However, the combination of both datasets can
provide complementary information that can improve the performance of the algorithms,
as observed in the results. This is reflected in the highest performance by dataset: reflectance
(0.912), spectral indices (0.914), and both (0.921).
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Table 4. DTW and TWDTW performance for the different runs. The performance metrics informed
are the Accuracy, Precision, Recall and F1-score for the top-1 candidate class for the testing set (mean
across folds). The values of a and B are only informed for the TWDTW algorithms, since for the DTW
algorithms these parameters are not used. In bold are highlighted the highest values for each metric
and in underline the second highest values.

Name Data Set % B Accuracy Precision Recall F1

DTW; Reflectance - - 0.911 0.918 0911 0911
DTW, Indices - - 0.914 0.920 0915 0914
DTW; Both - - 0.921 0.925 0.921  0.921
TWDTWay Reflectance 01 50 0.911 0.919 0.910 0912
TWDTWa, Indices 0.1 50 0.912 0.919 0912 0912
TWDTWaj3 Both 01 50 0.920 0.926 0.920 0.920
TWDTWb, Reflectance 0.1 100 0.912 0.919 0913 0913
TWDTWb, Indices 0.1 100 0.908 0.916 0.908  0.908
TWDTWbs Both 0.1 100 0.916 0.922 0916 0916
TWDTWc¢; Reflectance ~ 0.05 35 0.905 0.915 0.905  0.907
TWDTWc, Indices 0.05 35 0.903 0.912 0.903  0.904
TWDTWcs Both 0.05 35 0.913 0.921 0913 0914

Statistical significance: a Stuart-Maxwell test with Holm—Bonferroni correction was applied to all pairs of runs.
Only TWDTWhb; differed significantly (p < 0.05) from TWDTWb, and from TWDTWb; in the distribution of
their predictions across classes; all other pairs of runs showed no significant difference. The test assesses marginal
homogeneity of the predicted class distributions, not differences in classification accuracy.

The confusion matrix of the run with the highest performance is presented in Figure 4.
The highest confusion is observed on the riverside vegetation class, misclassified as olive,
lemon, and avocado. Considering all those classes represent perennial vegetation with
similar phenological patterns, this confusion is expected. Barren and urban are also often
confused with each other, which is also expected since both classes have a similar spectral
signature and phenological pattern, with low vegetation cover and high reflectance in the
visible and near-infrared bands.

Confusion Matrix for best DTW run, Accuracy: 0.9209
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Figure 4. Confusion matrix of the DTW algorithm, mixed dataset
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1.0

Reflectance data

3.1.2. Machine Learning Methods

For each machine learning architecture, hyperparameter tuning was performed on the
training set using 3-fold cross-validation under the three input configurations (reflectance,
spectral indices, and their combination). The size of each architecture’s hyperparameter
grid and the resulting number of tuning runs are reported in Appendix C. The performance
of the models for the different experiments is shown in Figure 5.

Most of the machine learning models achieved the highest performance using only
reflectance data, with the lowest performance using the combination of reflectance and
spectral indices data. In Table 5 the performance of the best model for each experiment by
dataset is presented, where the values in bold indicate the highest performance for each
dataset. The CNN2 model achieved the highest performance for reflectance data, followed
by TRF, while the GRU model achieved the highest performance for both the spectral
indices and the combination of reflectance and spectral indices datasets. The FFNN2
model achieved the lowest performance for all datasets, which indicates that the PCA
pre-processing step did not improve the performance of the model, and in fact reduced it
compared to the FFNN1 model.

Table 6 shows the statistical test (Stuart-Maxwell) results between the 3 different
combinations of model pairs. As the table states, even when the accuracy can differ with a
magnitude of +0.02 or more, if the class distributions are equivalent among the models,
the test detects no significant difference in their predicted class distributions, i.e., the RF
case. On the other hand, two models” output with a similar accuracy (i.e., CNNT1 for
the datasets Spectral indices and Both, with an OA of 0.914 and 0.913, respectively) can
have a significant difference in the class distributions. This is reflected in the GRU model,
which achieved the highest performance for both the spectral indices and the combination
of reflectance and spectral indices datasets, but the predicted class distributions are not
significantly different. It should be stressed that these results concern the distribution of
predictions across classes, not the classification accuracy. The TRF model, which achieved
the second-highest performance for the reflectance dataset, has a significant difference
compared with the same model using the other two datasets.

Spectral indices

0.8 4

0.6 4

ECDF

0.4 1

0.2 4

il

—— FFNN1
—-=- FFNN2
—— CNN1
1 CNN2
— LSTM
--- GRU
—— TRF
— RF
XGB
----- Highest DTW

0.0 e e
0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00

Accuracy

T T T T T T = T
0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
Accuracy

) :
T g g T T T T
0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
Accuracy

Figure 5. Empirical Cumulative Distribution Function (ECDF) of the accuracy of the machine
learning models for the different experiments (mean across folds). The dotted vertical red line
indicates the maximum performance of the DTW algorithm for the different experiments, as a
baseline for comparison.
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Table 5. Accuracy of the best model for each experiment by dataset, taken as the mean across folds.
The values in bold indicate the highest performance for each dataset, and the values in underline
indicate the second highest performance.

Architecture Reflectance Spectral Indices Both
FFNN1 0.901 0.895 0.899
FFNN2 0.892 0.881 0.878
CNN1 0.933 0.914 0913
CNN2 0.948 0.929 0.930
LSTM 0.922 0.920 0.924
GRU 0.938 0.942 0.944
TRF 0.944 0.937 0.938
RF 0.904 0.919 0.930
XGB 0.901 0.910 0.923

Table 6. Pairwise statistical comparison of the input datasets for each architecture (Stuart-Maxwell
test with Holm—-Bonferroni correction). v* indicates a significant difference (p < 0.05) in the class
distribution of the predictions between the two datasets, and x indicates no significant difference.

Architecture Reflectance vs. Indices Reflectance vs. Both Indices vs. Both

FFNN1 X X X
FENN2 v X v
CNNI1 X v v
CNN2 X X e
LSTM v v X
GRU X X v
TRF v v v
RF X X X
XGB X X X

“Both” denotes the combined reflectance and spectral indices dataset.

The models from the architecture classes FFNN1, FFNN2, RF, and XGB performed
worse than DTW runs. RF and XGB were superior only when the training included both
reflectance and spectral indices data. Since both are decision-tree-based models, they
benefit from the combination of both data since these models can select a specific feature
for each split, which can be either a reflectance or a spectral index. Unlike CNN, RNN,
and Transformer architectures, FFNN models lack mechanisms to weight or attend to the
most discriminative input channels, which may explain their lower performance when
combining both data types. The models from the architectures CNN1, CNN2, LSTM, GRU,
and TRF performed better than DTW runs for all datasets, with the exception of the CNN1
model for the combination of both datasets. These later models can learn more complex
patterns via pattern recognition (CNN) and temporal dependencies (LSTM, GRU, TRF),
leading to better performance compared to the DTW algorithm.

The hyperparameter combination for the CNN2 model with the highest accuracy had a
hyperparameter selection of: 128 filters in convolutional layer 1, 256 filters in convolutional
layer 2, 256 filters in convolutional layer 3, 128 neurons in dense layer 1, 128 neurons in
dense layer 2, 0.3 of dropout, and a learning rate of 0.0001. The best TRF model has the
following hyperparameters: projection size of 256, 8 attention heads, 1 encoding layer,
128 neurons on the feed-forward layer in the encoder, 0.3 of dropout, and a learning rate
of 0.001.

Figure 6 shows the confusion matrix for the best CNN2 and TRF models. Both models
perform well across most classes. The main sources of confusion are between barren
and urban, and among the citrus classes (lemon, mandarin, orange), which share similar
phenology and canopy structure.
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Figure 6. Confusion matrix of the best CNN2 (a) and TRF (b) models

3.1.3. Hyperparameters Marginal Contribution

A total of 9 surrogate random forest models were trained to compute the variance of
each of the forest’s trees” predictions using Functional ANOVA (fANOVA) to decompose
the variance of the performance into the contribution of each hyperparameter and their
interactions. Since each surrogate model depends on the performance of the original model,
all the surrogate models differ in their structure and performance. While most of the
surrogate models achieved a high performance, with a high R?> and low RMSE, the model
with the lowest performance was the surrogate model for CNNI.

This model achieved an R? of 0.759 and a RMSE of 0.015, although for the models with
highest performance, the R?> was higher than 0.9 and the RMSE was lower than 0.01, which
indicates that the surrogate models can predict the performance of the original models
with a high accuracy, which allows decomposing the variance of the performance into
the contribution of each hyperparameter with a high confidence. The performance of the
surrogate models for each experiment is shown in Table 7.

Table 7. Performance of the surrogate models for the fANOVA analysis. The performance metrics
informed are the R? and RMSE for the testing set.

Metric FFNN1 FFNN2 CNN1 CNN2 LSTM GRU TRF RF XGB
R? 0.835 0.864 0.759  0.931 0.882 0932 0966 0.998 0.999
RMSE 0.017 0.013 0.015 0.017 0.007 0.007 0.006 0.001 0.001

Since the number of hyperparameters for each model is different, the number of
hyperparameters and interactions that contribute to the performance of the model also
differ. For instance, the CNN2 model has 7 hyperparameters, which means that there are
7 main effects and 21 two-way interactions, while the RF model has 5 hyperparameters,
which means that there are 5 main effects and 10 two-way interactions. Because the number
of hyperparameters varies across models, direct comparison of explained variance is not
straightforward. Instead, the relative contribution of each hyperparameter is compared.
However, the relative contribution of each hyperparameter to the performance of the model
can be compared, which can provide insights into which hyperparameters are more im-
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portant for the performance of the model. Models whose performance depends weakly
on hyperparameter settings are inherently more robust; conversely, high sensitivity indi-
cates that a poor hyperparameter configuration could substantially degrade performance.
The contribution of each hyperparameter is shown in Figure 7.
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Figure 7. Marginal contribution of the hyperparameters for the different machine learning models
obtained by fANOVA analysis. The acronyms for the hyperparameters are related with the previous
description of the hyperparameters for each model.

The architectures FFNN1, FFNN2, and RF have hyperparameters with a high marginal
contribution. In Figure 5, the bimodal behavior of RF is linked with the criterion hyper-
parameter. Initializing the model with gini as criterion (which is the default value for
RandomForestClassifier in Python (version 3.10)’s Scikit-learn library (version 1.3.2)) has
lower performance compared to using entropy as the criterion value.

To analyze the relationship between the performance and the robustness of the model,
the distribution of the accuracy and the marginal contribution of the hyperparameters for
each model is shown in Figure 8. The highest and lowest 5% of the accuracy distribution
were dropped to avoid outliers, and the highest hyperparameter marginal contribution was
used as the main value for the y-axis, while the second and third most important hyperpa-
rameters are used to create the error bars for the y-axis based on their total contribution
from Figure 7. Focusing only on the two highest performing models (TRF and CNN2),
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the CNN2 model reached a marginally higher peak accuracy (0.948 versus 0.944 for TRF).
However, the TRF model has a lower contribution of the hyperparameters compared to the
CNN2 model, which indicates that the performance of the TRF model is less sensitive to
changes in the hyperparameters and that its accuracy distribution is narrower than that of
CNNB2. This is a decisive advantage for an operational setting, where extensive per-region
hyperparameter tuning is costly: TRF attains near-peak accuracy with substantially less
tuning effort. For this reason, and not on the basis of peak accuracy alone, the TRF model
was selected as the best overall model for generating the final classification map for the full
study area.

Accuracy vs Hyperparameter marginal effects

0.7
FENN1

0.6 1
FENN2

0.5 - *
GRU
0.4 :CNNZ

0.3 A

Top 1 Main Effect

0.2 1 CNN1

0.17 TRF

0.75 0.80 0.85 0.90
Mean Accuracy

Figure 8. Summary of the distribution of the accuracy and the marginal contribution of the hy-
perparameters. The x-axis corresponds to the accuracy, while the y-axis represents the marginal
contribution. The point that represents each model is located in the coordinate (x: mean accuracy,
y: top-1 hyperparameter marginal contribution). The error bar of the x-axis represents the quantile
0.05 (left) and quantile 0.95 (right) of the accuracy distribution, while the error bar of the y-axis
represents the top-2 hyperparameter marginal contribution (top) and the top-3 hyperparameter
marginal contribution (bottom).

FFNN1 and FFNN2 exhibit a single dominant hyperparameter, whereas XGB dis-
tributes importance more evenly across several hyperparameters. This can be identified
with Figure 7 as noted before, but this Figure gives a holistic view of the model performance
and robustness, summarizing the most important hyperparameters for each model, and the
distribution of the performance of the models to ease the comparison between models. Based
on this analysis, plus the high performance obtained, the best model overall is the TRF
model, exhibiting a high performance and robustness to changes in the hyperparameters.

Since the TRF architecture is the best model overall, the metrics (Precision, Recall,
and Fl-score) for the predicted class for the test set (mean across folds) for the best TRF
model configuration are shown in Table 8. The TRF model achieved a high performance
for all classes, with a mean accuracy of 0.944, a mean precision of 0.944, a mean recall of
0.945, and a mean Fl-score of 0.944. The similarity between accuracy, precision, recall,
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and Fl-score indicates that the model errors are evenly distributed across classes and that
no systematic bias toward specific classes was observed.

The highest performance was achieved for the water class, with a precision, recall,
and Fl-score of 1.000, while the lowest performance was achieved for the lemon class,
with a precision of 0.946, a recall of 0.846, and an F1-score of 0.893.

The confusion identified in the confusion matrix for the TRF model (Figure 6) is
reflected in precision and recall for the classes mandarin, lemon, and orange. Precision
is low for mandarin and orange, while recall is low for lemon. The model is more likely
to misclassify lemon samples as mandarin or orange. Similarly, the same behavior was
observed for the barren and urban classes.

Table 8. Performance metrics for the best TRF model. The performance metrics informed are the
Precision, Recall, and F1-score for the top-1 candidate class for the testing set (mean across folds).
The values in bold indicate the highest performance for each metric, and the values in underline
indicate the second highest performance.

Class Precision Recall F1

almond 1.000 0.952 0.975
avocado 0.970 0.980 0.975
barren 0.909 0.891 0.900
barren shadowed 0.990 0.951 0.970
forage 0.989 0.979 0.984
industrial 0.970 0.960 0.965
lemon 0.946 0.846 0.893
mandarin 0.859 0.914 0.885
olive 0.970 0.950 0.960
orange 0.869 0.925 0.896
riverside 0.889 0.952 0.920
short cycle 0.949 0.969 0.959
table grape 0.939 0.969 0.954
urban 0.909 0.938 0.923
walnut 0.946 0.936 0.941
water 1.000 1.000 1.000
Mean 0.944 0.945 0.944

3.1.4. Final Classification Map

The three approaches to combine the predictions of the three models (Product of
experts, Averaging, and Maximum rule) were tested to generate the final classification map
for the study area using the best model configuration for each fold. The results of the final
classification map obtained by the best model (TRF) and the three approaches to combine
the predictions of the three models are shown in Figure 9.

A pixel that corresponds to the almond class was selected to show the effect over
Pens(€) of the different approaches. The Product of experts approach gives more weight to
the classes that are consistently predicted with high probability across the three models,
which can be observed in the top row of the figure, where the probability for the almond
class is higher compared to the other approaches, and at the same time, the classes with
lower original probabilities (like short cycle and table grape) have a lower probability
compared to the other approaches, with values < 0.001.

The Averaging approach gives equal weight to the predictions of the three models,
which can be observed in the top row of the figure, where the probability for the almond
class is lower compared to the Product of experts approach, but still higher than the
Maximum rule approach.
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Figure 9. Comparison between the final classification map obtained by the best model (TRF) and
the three approaches to combine the predictions of the three models (Product of experts, Averaging,
and Maximum rule). The bar plot at the top row corresponds to (pans(c)) for each class, which is the
normalized ensemble probability for class c obtained by the different approaches. The map in the
middle row corresponds to the classes after applying each approach (¢). The map in the bottom row
corresponds to the max pln,(c), the samples collected are shown as point data. The X symbol in the
middle row shows the selected pixel of the normalized ensemble probability shown in the top row.

The Maximum rule approach gives more weight to the model that predicts the highest
probability for a given class, which can be observed in the top row of the figure, where
the probability for the almond class is lower compared to both the Product of Experts
and Averaging approaches. The potential issue with this approach emerges when a class
is incorrectly assigned with a high probability by one of the models, which can lead to
confusion in that pixel.

In terms of the final classification map (middle row), all three approaches correctly
classify the selected pixel as almond, but there are some differences in the surrounding
pixels, where the Product of experts and Averaging approaches show a more consistent
classification with fewer pixels wrongly labeled (salt and pepper effect close to the crop
limits) compared to the Maximum rule approach.

The effect of the different approaches is relatively marginal (at least for the Product
of Experts and Averaging approaches) for the final classification map, but pl.s(c) varies
drastically between the different approaches. The approach of Product of experts can be
more robust to misclassifications with high probability, since it gives more weight to the
classes that are consistently predicted with high probability across the three models. This
is the approach used to generate the final classification map for the study area, since it
can help to improve the performance of the final classification by reducing the impact of
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outliers or misclassifications from individual models, while still giving some weight to the
most confident predictions.

The final classification map for the study area is shown in Figure 10. There are small
boxes to highlight some important agricultural areas to see in detail how the classification
map identifies the crop borders. In some of the boxes (like boxes A and C), with a confusion
between the green classes (like lemon/mandarin/olive/orange), which is what was found
in the confusion matrix for the best TRF model, while in other boxes (like boxes B and D),
the classification map shows a good performance with a clear identification of the crop
borders. Box E and F show small populated areas with urban class identified surrounded by
agricultural areas, which is a common pattern in the study area, where the rural population
is associated with agricultural activities. In the left part of the study, some areas classified
as water can be identified, which corresponds to the Andes Mountain range, where water
bodies are not as common as the classification map shows. The reflectance of those areas,
with steep slopes and high elevation, can be affected by shadows (especially during the
winter season), hence the model can misclassify those areas as water.
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[
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Figure 10. Final classification map for the study area obtained using the Product of Experts approach.

The result of the application of the ensemble was compared with the Fruit Cadastre
of Coquimbo Region [42], extracting the class for each polygon of the cadastre, and then
comparing with the classification map. This comparison should not be interpreted as a
fully independent validation, since the Fruit Cadastre was also the main source of the crop
labels used to train the models. Rather, its purpose is to assess whether remote sensing
products can reproduce the level of detail contained in an operational cadastre, particularly
for crops with similar phenology and spectral characteristics, such as the citrus classes.
The Fruit Cadastre includes a larger number of classes related to fruit production, like
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cherry trees and pomegranate, which were not included in this study due to a lack of
representation over the study area (118.12 and 20.87 ha, respectively). Also, this cadastre
does not include some of the classes of this study, like Industrial grape, which is used for
base wine fabrication, which is later distilled to produce pisco (a national spirit). Hence,
the comparison between the classification map and the Fruit Cadastre was done only for the
8 fruit crops included in both datasets (almond, avocado, lemon, mandarin, olive, orange,
table grape and walnut), the classes short cycle crops and forage are also out of the Fruit
Cadastre, since it is focused only in fruit trees, and the remainder classes are not considered
agricultural areas.

In Table 9, the results of the classification map versus the Fruit Cadastre of Coquimbo
Region [42] are presented. The results show that the classification results are able to
identify the main classes present in the study area. The almond class was identified with
an agreement of 98.62% over 1145.1 ha. In contrast, avocado showed a lower agreement
of 49.15% across 2119.43 ha, with most mis-classifications attributed to olive (13.88%) and
mandarin (8.81%), likely due to their similar perennial phenology (see Appendix A). Lemon
achieved 75.29% agreement over 531.58 ha. For mandarin, the agreement was 34.41% over
4001.08 ha, with notable confusion with barren (15.18%) and orange (29.69%); according to
CIREN, Centro de Informacion de Recursos Naturales [42], 788.45 ha of mandarin were
newly planted between 2020 and 2021, making it the region’s most expanded crop in
that period. Orange reached 80.46% agreement over 296.52 ha, with confusion mainly
with barren (10.13%) and lemon (3.58%). Olive was classified with 95.11% agreement
over 3095.84 ha, with minor confusion with barren (4.59%). Table grape achieved 66.18%
agreement over 4945.09 ha, with most confusion involving short cycle crops (8.64%), barren
(7.49%), and industrial grape (6.12%). Finally, walnut was classified with 80.29% agreement
over 999.67 ha, with confusion mainly with barren (12.75%) and urban (2.89%).

Table 9. Comparison of the classification map with the Fruit Cadastre of Coquimbo Region. Columns
correspond to the fruit crops reported by [42] while rows represent the class results of the application
of the best model over the study area. The values are in hectares (ha). The columns represent
the classes included in the Fruit Cadastre, while the rows represent the classes included in the
classification map. The values in bold correspond to the diagonal of the table, which represents the
area of agreement between the classification map and the Fruit Cadastre for each class.

Class Almond Avocado Lemon Mandarin Olive Orange Table Grape Walnut
almond 1129.34 2.98 17.45 4.4 2.03 0.15 139.35 742
avocado 0 1041.59 0 247 0 1.2 0 0.14
barren 4.86 99.78 12.32 607.39 142.14 30.05 372.51 127.47
barren shadowed 0 1.99 0 1.65 0 0 0 0.85
forage 0 20.87 0 31.86 0 0 21 0.62
industrial 22 67.72 0 10.46 0 0 302.47 12.41
lemon 0.05 145.42 400.23 349.87 0 10.61 3.46 0.55
mandarin 0 186.82 6.15 1376.65 0 9.87 11.02 0
olive 0 294.27 34.67 194.08 2944.35 2.69 3.09 0.05
orange 0 157.13 45.81 1187.83 2.14 238.59 191.16 59
riverside vegetation 0 60.14 4.19 21.57 5.18 0 3.75 2.07
short cycle 8.65 9.81 1.15 75.63 0 0 427.23 6.09
table grape 0 1.54 0 3.79 0 0 3272.54 4.49
urban 0 25.71 9.61 67.14 0 3.3 80.84 28.94
walnut 0 3.66 0 44.06 0 0.06 133 802.67
water 0 0 0 0 0 0 2.57 0
Total 1145.1 2119.43 531.58 4001.08 3095.84  296.52 4945.09 999.67
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The same scenario of new sowing of crops like mandarin applies broadly to the
other crops. Due to the biomass accumulation through the years, the spectral signature of
new plantations is more related to the barren class since the canopy coverage fraction is
lower compared to older plantations, which can lead to a misclassification of young plants
as barren.

4. Discussion
4.1. Comparison Between DTW and ML Models

Most of the ML architectures beat the DTW benchmark, with the exception of FFNN1
and FFNN2, with a max accuracy of 0.901 and 0.892, respectively. The baseline method
achieved a max accuracy of 0.922, while the best ML model achieved an accuracy of 0.948.
Most of the ML methods performed better only using reflectance data, while DTW, using
the mix of reflectance and spectral indices, reached the highest performance, not only for
the best run, but for every algorithm configuration.

Numerically, GRU, RF, and XGB were the only architectures whose best run was
obtained on the combined reflectance and spectral indices dataset. However, the Stuart-
Maxwell test (Table 6) shows that, for these three architectures, the predicted class dis-
tributions on the combined dataset are not significantly different from those obtained
with reflectance only; hence, the models distribute their predictions across classes in a
statistically indistinguishable way. This is not a test of whether the small accuracy gain
itself is significant. For DTW, since it is based on the distance measurement between two
time series, the use of spectral indices will obtain low distances for samples with similar
phenology, and the use of reflectance data helps to finally distinguish between classes
with similar phenology, such as mandarin, lemon, and orange. For the case of FFNN
architecture, since all the input data have the same weight, the use of spectral indices,
whose signature can be similar among some classes, leads to a decrease in the performance
of the model. For the case of recurrent neural networks, the use of spectral indices can help
to capture the temporal dynamics of the classes, which can lead to an improvement in the
performance of the model. For the case of RF and XGB, since they are based on decision
trees, the lowest performance was observed when only reflectance data was used, while the
best performance was obtained on the combined reflectance and spectral indices dataset;
this is consistent with the ability of tree-based models to select the most discriminative
feature at each split, which benefits from a richer feature pool.

CNN and Transformer architectures process input differently: CNNs capture local
patterns through convolution, whereas Transformers can capture long-range dependen-
cies via self-attention. The use of spectral indices can help to define patterns in a class,
although some confusion could arise based on similar phenology, and this is shown as the
models achieved a better performance using only reflectance data.

The confusion matrices of the best two models (CNN2 and TRF) are similar to each
other but differ from the one obtained with DTW, suggesting that combining ML and
DTW predictions through ensembling could leverage their complementary error patterns
to improve the final classification map. This was not tested in this work, but it remains an
interesting avenue for future research.

The models presented here have been used previously for crop classification [54-58].
Several studies have reported that DTW (or TWDTW) outperforms random forest in vege-
tation and crop classification tasks [27-31,59], while both methods generally perform better
than other classical machine learning approaches such as support vector machines and
decision trees [60]. In contrast, Rafif et al. [49] compared DTW, RF, Extra Trees, and XGBoost
for crop intensity mapping and found that RF achieved higher performance than DTW—a
result consistent with the findings of the present work.
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In this work, the performance of RF is superior to DTW, matching the findings of Rafif
et al. [49]. It is also demonstrated that the performance of RF is highly sensitive to the
hyperparameter selection, especially to the criterion selection. Based on the hyperparameter
search and the experiments conducted, RF performed better than DTW for the datasets
Spectral Indices and the mixed dataset, showing a lower performance using only reflectance
data. The use of spectral indices can help to capture the temporal dynamics of the classes,
which can lead to an improvement in the performance of the model, and, as stated before,
the decision trees can select the most important features and the temporal window to make
the classification, which can lead to a better performance than DTW.

Similarly, there is no consensus in the literature about the performance of DTW
compared with neural networks for remote sensing image classification. Finnegan et al. [61]
reported similar performance between DTW and a CNN-LSTM model, and proposed
splitting the time series into four segments to reduce the DTW computation cost. However,
their NN architecture differs substantially from the ones used here, which makes a direct
comparison difficult.

The approach of 1D convolutional layers for pixel-based classification has been used
in previous works for crop classification [32,62-65]. The use of 2D convolutional layers
for crop classification is also reported, although this approach is related to object-based
classification approaches. Kiranyaz et al. [66] compared both structures, where 1D CNN had
10k parameters, while 2D CNN had more than 1M parameters, and the 1D CNN achieved
a better performance than the 2D CNN, showing that for pixel-based classification, the use
of 1D convolutional layers is well suited.

Further evidence comparing DTW with neural networks for crop classification is
scarce, although DTW has been used as a preprocessing step whose output feeds an NN
model [56,67,68]. Other works report that bidirectional-LSTM and transformer-based archi-
tectures consistently outperform classical baselines such as RF, SVM, KNN and feedforward
NNs [13,69-71]. Zhong et al. [72] similarly found that deep-learning architectures (LSTM,
1D CNN, FENN) outperformed XGBoost, RF and SVM, in line with the present results,
where 1D CNN and GRU are among the best models. The strong performance of the
transformer in this domain has been reported by Ruffwurm and Kérner [73], who attribute
it to the ability of self-attention to select or discard features—a mechanism also available to
LSTMs through recurrence.

Despite their different mechanisms (self-attention in TRF, local convolutions in CNN,
and recurrence in RNN) the three families of models converged to similar performance,
suggesting that the dominant requirement for this task is the ability to weight discriminative
time steps rather than any specific inductive bias.

4.2. Confusion Between Classes

A central challenge of this classification task is discriminating between classes with
similar phenology, tree structure, and reflectance response, such as mandarin, lemon,
and orange. The confusion matrices in Figure 6 reflect this: the highest confusion is
observed among perennial classes (mandarin, olive, orange, and riverside vegetation),
which all keep a high vegetation cover throughout the year since they do not have a
dormant season. Confusion was also observed between barren and urban classes, both
with similar reflectance responses in this arid region, where the spectral signal only changes
when the rainy season wets the soil enough to germinate wild plants.

The TRF model achieved perfect precision, recall, and F1 for water, as expected for
a class with a very distinctive spectral response, and also for almond, despite NDVI
similarities with industrial grape and walnut (see Appendix A). On the other end, lemon
had the lowest recall, with most confusion concentrated on mandarin and orange—a result
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expected for citrus trees that share phenology, tree structure, and reflectance response.
The only classes with an F1 score below 0.9 were Mandarin and Lemon, which had the
most expanded crops in the region, typically planted on hillslopes with low canopy cover.
In the early stages of the growing cycle their reflectance response is similar to the barren
class, which explains the observed confusion.

The shadowed barren class helped to differentiate barren mountain areas from wa-
ter bodies. Both have very low reflectance during winter—water through absorption,
and the shadowed areas because the satellite overpass occurs when these slopes are in the
mountains’ shadow. Including this class as a separate label reduced misclassification of
mountainous shadows as water in the final map.

One important output to highlight is the ability to classify an area with a variable
number of valid scenes for each grid cell, where the coastal and mountainous areas have a
lower number of valid scenes due to the presence of clouds. The models were able to learn
the key features that differentiate the classes, even with a variable number of valid scenes,
which is important for the operational application of the model, since in real scenarios,
there will be a variable number of valid scenes for each grid cell. There is no artifact in the
classification map related to the number of valid scenes, and there is no evidence of cell
boundaries in the classification map. This is an advantage when applying the model to a
larger area.

The use of spectral indices may introduce confusion in the neural network models,
since indices like NDVI tend to be similar across classes with similar phenology (mandarin,
lemon, orange), reducing rather than enhancing class separability. Accordingly, the perfor-
mance of TRE, CNN, and LSTM decreases when indices are added on top of reflectance.
In contrast, GRU and decision tree-based models (RF, XGB) benefit from spectral indices,
since their internal feature selection mechanisms can pick the most informative inputs at
each step. The Stuart-Maxwell test (Table 6) confirms that the choice of input dataset has a
significant effect on the class distribution of the predictions for the neural networks, while
for decision tree-based models, the differences between using spectral indices alone and
the combined dataset are not significant. The selection of the input dataset is therefore a
model-dependent design decision, and adding more information is not always beneficial.

The TRF model is a particularly clear example: its best performance was obtained on
reflectance data, but it also achieved 0.937 and 0.938 on spectral indices and the combined
dataset—both higher than most of the models analyzed with the exception of GRU on any
dataset. The different class distributions across these inputs suggest that ensembling the
same architecture with different inputs, or different architectures with shared inputs, could
further improve the final classification map. This was outside the scope of this work, but it
remains a valuable direction for future research.

For DTW, the best run combined reflectance and spectral indices: the indices shorten
the distances between samples with similar phenology, while reflectance helps to differ-
entiate them. Combining DTW and ML predictions through ensembling could leverage
their complementary error patterns, although DTW’s computational cost would need to be
addressed before operational use (see Appendix E for reference).

The top-k analysis (see Appendix B) helps to distinguish between confusions arising
from genuinely similar classes and confusions arising from a model’s inability to learn the
discriminative features. The bump in accuracy from top-1 to top-2, followed by diminishing
returns at top-3 to top-5, indicates that the residual confusion is concentrated on a few class
pairs, and that the remaining gap to 100% accuracy is at least partly due to mislabeling in
samples collected through visual interpretation of high-resolution imagery. FFNN1, FFNN2,
and CNN1 do not catch up even at top-5: the FENN family weighs all inputs equally and is
hurt by adding redundant inputs, and CNNT1 lacks the third convolutional layer that lets

https:/ /doi.org/10.3390/earth7040122


https://doi.org/10.3390/earth7040122

Earth 2026, 7, 122

27 of 41

CNN2 generalize the discriminative features. This contrast highlights the importance of
architectural choices when developing deep learning models for crop classification.

FFNN1, FENN2, and RF were the models most sensitive to hyperparameter selection.
In the FENN family, the key hyperparameter was the number of neurons in the last hidden
layer; in RF, the criterion (entropy outperformed Gini impurity) drives the bimodal accuracy
distribution observed in Figure 5. The transformer, on the contrary, exhibited the lowest
hyperparameter marginal contribution, indicating that it is more robust to hyperparameter
selection. The combination of high accuracy and low hyperparameter sensitivity makes
the transformer a strong candidate for operational deployment, since it reduces the tuning
effort that would be required when transferring the model to new regions or sensors. It
should be noted, however, that this potential transferability was not tested here and remains
a hypothesis to be confirmed through independent validation in other regions and with
other sensors.

When applied to the entire study area, the best model produces a classification map
whose spatial patterns are broadly consistent with the Fruit Cadastre of Coquimbo Re-
gion [42], with fruit crops concentrated in the central valley, herbaceous crops in the coastal
zone, and barren and urban classes predominant in the arid mountainous area. This com-
parison is not an independent validation, since the cadastre also provided most of the
training labels; it should instead be read as an assessment of how well the remote sensing
classification reproduces the detail of the cadastre. The agreement is class-dependent: it is
high for crops with distinctive phenology (e.g., almond and olive), but substantially lower
for mandarin, avocado, and table grape, which share evergreen or soil-dominated signals
with neighboring classes and, in the case of mandarin, were affected by recent planting
between the cadastre date and the analysis period. Since the training set did not include
barren samples from the mountainous area, exposed rock in this region is sometimes mis-
classified as urban concrete. The remaining confusion sources mirror those identified in
the test set: perennial crops with similar evergreen phenology (mandarin, olive, orange,
riverside vegetation), young or recently established crops with soil-dominated reflectance
signals, and herbaceous classes (forage, short cycle crops) with overlapping phenological
cycles. These limitations highlight the challenges of crop classification in heterogeneous
agricultural landscapes when using medium-resolution satellite imagery and when crop
development stages vary within the same season.

4.3. Computing Time

Although the DTW algorithm was implemented with parallel processing, this method
takes significantly longer than any other method applied—details about the computation
time are found in Appendix E. Even more, the time spent on the ML model for each
run was at max between 5-10 min, for the recurrent neural networks (LSTM and GRU),
while the other models were faster due to the size of the input data, which allowed
evaluating all hyperparameter combinations within a reasonable time frame. A single
cell of 1280 x 1280 pixels would require several days to classify with DTW, rendering
operational deployment infeasible.

Other studies have also reported high computation times for the DTW method,
and there have been proposed methods to reduce the computation time, such as the
use of parallel processing [74] or the use of GPU [17,75,76]. Another approach is to use a
reduced set of samples, such as the k-means clustering method [77] or with fewer samples
for running the algorithm, like Belgiu et al. [20] and Cheng and Wang [27], using 50 samples
for training and testing, for 7 and 8 classes, respectively. This approach can significantly
reduce the computation time by computing the DTW distance between samples and re-
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moving the ones with a high similarity, but it reduces model fidelity as it lumps similar
signals together.

Another approach is to use a pattern response by class instead of multiple samples [76],
which significantly reduces the computation time, but it is not suitable for all cases, since
it requires a representative sample from the class. Since this work aims to differentiate
between classes with similar phenology, such as mandarin, lemon, and orange, the use of a
single pattern response would likely lead to misclassification. On the other hand, a class
like forage, whose dynamic will depend on harvesting practices, does not respond to a
single pattern response (See Appendix A for the NDVI time series of each class).

To reduce the matrix computation time, the Sakoe-Chiba band [78] can be used,
which restricts the search space. The same applies to Kim et al. [79] and Keogh and
Ratanamahatana [80] bands for setting upper and lower limits for the DTW distance [81].
These strategies limit the distance calculation to specific cells, avoiding the need to compute
the distance for all pairs of samples, which can significantly reduce the computation time
5 to 20 times for a narrow band. Once again, the forage class could be a problem for this
approach, due to its dynamic response, which can lead to a wide range of reflectance
responses. Even adopting this strategy, the DTW method would still take significantly
longer than the machine learning methods at deployment time.

Figure A3 confirms that the number of samples is the dominant factor in DTW compu-
tation time. Reducing the number of training samples per class—for example, via k-means
selection—is therefore the most effective way to lower this cost, while keeping a higher
number of samples for classes with irregular phenological patterns, such as forage.

5. Conclusions

The performance of different machine learning and dynamic time warping algorithms
was evaluated for crop classification using Sentinel-2 data in the Limar{ basin, Chile.
The analysis also evaluated whether reflectance data, spectral indices, or the combination
of both provide better classification results, in contrast to previous works that focus on
using spectral indices alone. The results demonstrate that machine learning models can
outperform dynamic time warping, either using a neural network or a decision tree-
based model. Architectures containing convolutional layers or transformer architectures
performed the best, with an accuracy of 0.948 and 0.944, respectively, while the best dynamic
time warping algorithm had an accuracy of 0.921.

The best performing DTW was when both reflectance and spectral indices were
used, indicating that this algorithm benefits from the combination of both datasets.
For machine learning models, the best performance was observed when using only
reflectance data, which could indicate that the use of only spectral data is not enough
to learn the key features that differentiate the classes. This finding challenges the
common practice of relying solely on spectral indices and suggests that raw reflectance
carries discriminative information not fully captured by spectral indices. This could be
due to the similarity between different crops, which have similar phenological patterns,
and the use of spectral indices may add noise to the model instead of adding separa-
bility between the classes. For the decision tree-based models, the best performance
was observed when using both reflectance and spectral indices data, which could
indicate that these models can learn the key features that differentiate the classes from
both datasets. The Limari basin covers three different climatic zones, from the coastal
area affected by the camanchaca, to the temperate central valley, and the cold Andean
section with winter snow. Since the same crop classes are observed under different
temperature, precipitation, and radiation conditions within the study area, the main
findings of this work, in particular the value of reflectance data for tree-based models
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and the limited contribution of spectral indices when classes share similar phenology,
are expected to be applicable to other semi-arid Mediterranean regions with similar
crop types. For regions with short-cycle herbaceous crops with stronger phenological
contrasts, the contribution of spectral indices may be different and should be evaluated
in future work.

One key aspect to consider when choosing the model for this task is the computa-
tional cost. The dynamic time warping algorithm is computationally expensive, and an
operational application over a large-scale field is unfeasible (see Appendix E for reference).
Although there are techniques to reduce the computation time, such as the use of a temporal
window or clustering the samples, the computation time is still significant, and cannot be
compared with the inference time of the machine learning models.

The results of fANOVA analysis showed that the different architectures have differ-
ent sensitivity to the hyperparameter selection. For the feed-forward neural networks,
the number of neurons in the last layer before the output layer had the highest marginal
contribution to the performance of the model, while for the convolutional neural networks,
the number of filters in the convolutional layers had the highest marginal contribution.
For the decision tree-based models, the criterion hyperparameter had the highest marginal
contribution to the performance of the random forest model. For the transformer-based
model, the number of attention heads and the number of transformer encoder layers had
the highest marginal contribution to the performance of the model, although this model
exhibited the lowest sensitivity to the hyperparameter selection, indicating that this model
is more robust to the hyperparameter selection. The latter indicates that the structure of
the model is more important than the hyperparameter selection for this model, and there
is a good chance to obtain an initial high performance with a good structure, and then
fine-tune the hyperparameters to improve the performance, suggesting that a well-chosen
architecture can yield strong baseline performance, which can then be refined through
hyperparameter tuning.

As expected, confusion was observed in classes with similar characteristics, such
as barren and urban, or between perennial crops, such as mandarin, lemon, and orange.
The top-k analysis showed that the confusion can be solved by including the top-2 candidate
classes. Compared with the Fruit Cadastre, there was confusion between crop labeled
polygons from the cadastre with barren class, and this is related to the age of the crops,
where new or recently established crops are more likely to be classified as barren.

Finally, from the three ensemble approaches evaluated, the Product of Experts ap-
proach showed the best separation of the final label compared to the other two approaches,
indicating that this approach is more robust to the outliers or misclassifications from the
individual models.

Overall, all evaluated models performed well, but they differ in accuracy, compu-
tational cost, and sensitivity to hyperparameter selection, and these differences directly
inform model selection for operational crop classification. For practitioners aiming at large-
scale deployment, dynamic time warping is not a viable choice given its computational
cost, even when implemented with parallel processing or band restrictions. Among the
machine learning models, the transformer is the most attractive option, since it combines
high accuracy with low sensitivity to the hyperparameter selection, which is expected
to reduce the tuning effort when transferring the model to new regions or sensors. This
expectation is supported, within the limits of this study, by the fact that the same crop
classes were classified across the three climatic zones of the Limari basin (coastal, central
valley, and Andean), but it has not been validated outside the study area and should be
confirmed with independent data before any operational use beyond this region. CNN-
based architectures are a competitive alternative when peak accuracy is the priority and
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computational resources are available for hyperparameter tuning, while tree-based models
such as random forest and XGBoost remain useful when interpretability or fast inference
on tabular features is needed, and benefit the most from combining reflectance and spec-
tral indices. For researchers, the main contribution of this work is the evidence that raw
reflectance, rather than spectral indices, is the more informative input for most machine
learning architectures in landscapes dominated by phenologically similar perennial crops,
which suggests that the common practice of relying on spectral indices alone should be
revisited in future crop classification studies.
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Appendix A. NDVI Time-Series of Classes
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Figure Al. Sample of the NDVI time series for each class. The x-axis represents the date, and the
y-axis represents the NDVI value. The light gray area represents the 5th and 95th percentiles of
the NDVI values for each class, and the gray line represents the median of the NDVI values for
each class. The red and blue lines and blue are two examples of the NDVI time series for each class.
The classes are: (a) almond, (b) avocado, (c) barren, (d) barren shadowed, (e) forage, (f) industrial
grape, (g) lemon, (h) mandarin, (i) olive, (j) orange, (k) riverside vegetation, (1) short cycle crop,
and (m) table grape, (n) urban, (o) walnut, and (p) water.
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Appendix B. Top-k Analysis

The top-k analysis is a technique to evaluate the performance of a model by considering
the top-k most probable predictions for each sample. This analysis is useful to understand
the performance of the model in the presence of confusion between classes with similar
characteristics. With this analysis, the performance of the model can be observed in the
presence of confusion between classes with similar characteristics and the performance of
the model in the presence of confusion between classes with different characteristics.

To compute the top-k analysis, the raw output of each of the models is processed,
sorting the probabilities of the predictions and cutting the list at the top-k most probable
predictions. Then, the accuracy of the model can be computed by considering the true class
among the top-k predictions.

The top-k results for the DTW and the best model of each ML experiment are presented
in Figure A2.

1.00 A

0.98 A

0.96 A

0.94 ~

Accuracy

0.92 ~

0.90 A

1 2 3 4 5
Top-k candidates

Figure A2. Top-1 to top-5 performance comparison for DTW and the best model of each ML
experiment.

The results show that the performance of the model improves as more predictions are
considered, but the improvement is not significant beyond the top-2 predictions. This is
expected since the majority of the confusion comes from classes with similar characteristics,
and the model is likely to include the true class in the top-2 predictions (improving the
performance from 0.922 to 0.970).

The model that benefits the most from top-1 to top-2 is the best LSTM model, with an
increase of 0.062 in accuracy, although all models show similar increases from their baselines.
Including more classes in the top-k analysis shows diminishing returns beyond the top-
2, and may limit the applicability of such predictions. All models show almost perfect
performance at top-5, which is expected since there are only 16 classes in total, and the
model is likely to include the true class in the top-5 predictions.
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Appendix C. Hyperparameter Combinations per Architecture

Appendix C.1. Hyperparameter Description

A description and grouping of the hyperparameters used in this research are the

following:

Shared across all neural network architectures:

- Ir(learning rate, Adam optimizer): step size controlling how much model weights
are updated at each optimization step.

- dropout (dropout rate): fraction of units randomly set to zero during training,
used as a regularizer to mitigate overfitting.

Dense (fully-connected) layer width—/1, I2, I3 (FFNN1, FFNN2, CNN1, CNN2) and
densel, dense2 (LSTM, GRU): number of neurons in each fully-connected layer of the
model’s dense head. Larger values increase representational capacity at the cost of
more parameters.

Convolutional filter count—conv1_channels, conv2_channels, conv3_channels (CNN1,
CNN2): number of convolutional filters (output channels) learned at each convolu-
tional layer, controlling the number of distinct feature maps extracted from the input.
Input projection dimension—yprojection_size (LSTM, GRU) and d_model (Transformer):
dimensionality to which input features are linearly projected before being fed to
the sequence model. For LSTM/GRU, a value of 0 disables the projection; for the
Transformer, it defines the embedding size used throughout the encoder.

Recurrent hidden size—Istm_hidden_size, gru_hidden_size: number of units in each re-
current cell, controlling the dimensionality of the hidden state propagated through time.
Recurrent depth—Istm_num_layers, gru_num_layers: number of stacked recurrent
layers, allowing hierarchical temporal feature extraction.

Transformer-specific:

- num_heads: number of parallel attention heads in the multi-head self-attention
mechanism, each attending to different representation subspaces.

- num_layers: number of stacked encoder blocks in the Transformer.

- d_ff: dimensionality of the position-wise feed-forward sublayer inside each en-
coder block.

Shared across tree-based ensembles (RF, XGBoost):
- n_estimators: number of decision trees in the ensemble.
Random forest specific:

- max_features: number of features considered when searching for the best split
at each node (sqrt and log2 use ,/p and log, p of the p available features; None
uses all of them).

- criterion: function used to measure the quality of a split (Gini impurity or Shannon
entropy/information gain).

- min_impurity_decrease: minimum impurity reduction required for a node to be
split, used as a pre-pruning criterion.

- ccp_alpha: complexity parameter for cost-complexity (post-)pruning; larger values
produce smaller, more regularized trees.

XGBoost specific:

- max_depth: maximum depth of each individual tree, bounding model complexity
per boosting round.

- min_child_weight: minimum sum of instance Hessian weights required in a child
node; higher values yield more conservative splits.
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- learning_rate: shrinkage applied to the contribution of each new tree, trading
training speed for generalization.

- subsample: fraction of training samples randomly drawn (without replacement) to
fit each tree, providing stochastic regularization.

- colsample_bytree: fraction of input features randomly sampled to build each tree,
decorrelating the ensemble.

- reg_lambda: L, regularization coefficient applied to leaf weights.

- reg_alpha: L; regularization coefficient applied to leaf weights, encouraging sparsity.

Appendix C.2. Model Hyperparameter Configuration

For the neural network architectures, the models and hyperparameters evaluated are
as follows:

e  Feed-forward neural networks case 1 (FFNN1):

- Number of neurons in layer 1 (I1): 64, 128, 256, 512
- Number of neurons in layer 2 (12): 32, 64, 128, 256
- Number of neurons in layer 3 (I3): 16, 32, 64, 128

—  Learning rate (Adam optimizer) (Ir): 0.001, 0.0001
- Dropout rate (dropout): 0.0, 0.15, 0.3

e  Feed-forward neural networks case 2 (FFNNZ2):

- Number of neurons in layer 1 (I1): 64, 128, 256, 512
- Number of neurons in layer 2 (12): 32, 64, 128, 256
—  Number of neurons in layer 3 (I3): 16, 32, 64, 128

-  Learning rate (Adam optimizer) (Ir): 0.001, 0.0001
- Dropout rate (dropout): 0.0, 0.15, 0.3

¢  Convolutional neural networks case 1 (CNN1):

—  Number of filters in convolutional layer 1 (convl_channels): 32, 64, 128
—  Number of filters in convolutional layer 2 (conv2_channels): 16, 32, 64
- Number of neurons in layer 1 (/1): 128, 256, 512

- Number of neurons in layer 2 (12): 64, 128, 256

—  Number of neurons in layer 3 (13): 32, 64, 128

-  Learning rate (Adam optimizer) (Ir): 0.001, 0.0001

- Dropout rate (dropout): 0.0, 0.15, 0.3

e  Convolutional neural networks case 2 (CNN2):

—  Number of filters in convolutional layer 1 (convl_channels): 32, 64, 128

- Number of filters in convolutional layer 2 (conv2_channels): 64, 128, 256
—  Number of filters in convolutional layer 3 (conv3_channels): 128, 256, 512
- Number of neurons in layer 1 (I1): 128, 256, 512

—  Number of neurons in layer 2 (12): 128, 256, 512

- Learning rate (Adam optimizer) (Ir): 0.001, 0.0001

- Dropout rate (dropout): 0.0, 0.15, 0.3

e  Recurrent neural networks case LSTM (LSTM):

—  Projection size (projection_size): 0, 64, 128 (0 means no projection layer)
- Number of units in the LSTM layer (Istm_hidden_size): 64, 128, 256

- Number of LSTM layers (Istm_num_layers): 1,2, 3

- Number of neurons in layer 1 (densel): 128, 256

-  Number of neurons in layer 2 (dense2): 128, 256

-  Learning rate (Adam optimizer) (Ir): 0.001, 0.0001

- Dropout rate (dropout): 0.0, 0.15, 0.3

https:/ /doi.org/10.3390/earth7040122


https://doi.org/10.3390/earth7040122

Earth 2026, 7, 122

350f41

e  Recurrent neural networks case GRU (GRU):

Projection size (projection_size): 0, 64, 128 (0 means no projection layer)
Number of units in the GRU layer (gru_hidden_size): 64, 128, 256
Number of GRU layers (gru_num_layers): 1,2, 3

Number of neurons in layer 1 (densel): 128, 256

Number of neurons in layer 2 (dense2): 128, 256

Learning rate (Adam optimizer) (Ir): 0.001, 0.0001

Dropout rate (dropout): 0.0, 0.15, 0.3

e  Transformer (TRF):

Projection size (d_model): 128, 256

Number of heads in the multi-head attention (num_heads): 2,4, 8, 16
Number of transformer encoder layers (num_layers): 1,2, 4, 8

Number of neurons on feed-forward layer in the encoder (d_ff): 128, 256, 512
Learning rate (Adam optimizer) (Ir): 0.001, 0.0001

Dropout rate (dropout): 0.0, 0.15, 0.3

For the decision tree-based methods, the models and hyperparameters evaluated are

as follows:

e  Random forest (RF):

Number of trees (n_estimators): 50, 100, 200, 300, 400

Maximum features (max_features): sqrt, log2, None

Criterion (criterion): gini, entropy

Minimum impurity decrease (min_impurity_decrease): 0.0, 0.01, 0.001
Ccp alpha (ccp_alpha): 0.0, 0.01, 0.001

e  Extreme gradient boosting (XGBoost):

Number of trees (n_estimators): 100, 500, 1000, 2000
Maximum depth (max_depth): 3, 5,9, 12

Minimum child weight (min_child_weight): 1, 5, 10

Learning rate (learning_rate): 0.01, 0.1, 0.2

Subsample (subsample): 0.5, 0.7, 0.9, 1.0

Column sample by tree (colsample_bytree): 0.5,0.7, 0.9, 1.0
L2 regularization term on weights (reg_lambda): 0.1, 1.0, 10.0
L1 regularization term on weights (reg_alpha): 0.0, 0.1, 1.0

Table A1l reports the number of hyperparameter combinations evaluated for each

machine learning architecture, together with the resulting number of training runs once

the 3-fold cross-validation and the three input configurations (reflectance, spectral indices,

and their combination) are taken into account. Each run corresponds to a single fit used to

score a particular hyperparameter setting, not to an independent final model. The large total

is mostly explained by XGB, whose grid is substantially denser than the other architectures

because it includes a wider range of tree-based hyperparameters (number of estimators,

learning rate, maximum depth, subsample, and column sampling rates).

Table Al.

Number of hyperparameter combinations and total tuning runs per architecture. Total

runs = combinations x 3 folds x 3 input configurations.

Architecture Hyperparameter Combinations Total Tuning Runs
FFNN1 384 3456
FFNN2 384 3456
CNN1 1458 13,122
CNN2 1458 13,122
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Table Al. Cont.

Architecture Hyperparameter Combinations Total Tuning Runs
LSTM 648 5832
GRU 648 5832
TRF 576 5184
RF 270 2430
XGB 20,736 186,624
Total 26,562 239,058

Appendix D. Stuart-Maxwell Test Computation

The Stuart-Maxwell test is a non-parametric test that assesses the marginal homogene-
ity of contingency tables between two models’ output with three or more categories (an
extension of McNemar's test, for multiclass classification). Given a k x k contingency table
N, where n;; denotes the number of samples assigned to class i by the first model and
to class j by the second, the row and column marginals are n;. = Z]- njjand n.; =y njj,
respectively. The marginal difference vector is defined as d = (dy,dy,...,dx_1), where
d; = n;. — n,; is the difference between the number of times each model predicts class i.
One class is excluded because the differences sum to zero. The estimated variance and
covariance of these differences are:

Vér(d,») =n;. +n;—2ny, (A1)

Cov(d;, dj) = —(njj+nj;), i#]. (A2)

These elements form the covariance matrix S:

Avar(dl) Ca‘j(dlzdz) e CE)V(dlrdkfl)
5 Cov(c:lz,dl) Var'(dz) . COV(dZ:rdkl) (A3)
Covld 1,d1) Covldy 1) - Varld 1)
The test statistic is then:
Y =d's (A4)

which follows a chi-squared distribution with k — 1 degrees of freedom under the null
hypothesis. The null hypothesis (Hp) states that the marginal distributions are equal,
i.e., both models assign the same overall frequency to each class. The alternative hypothesis
(H,) states that at least one class is predicted at a different rate by the two models.

Since the evaluation includes more than 2 models, the Holm-Bonferroni correction
was applied to adjust the significance level for multiple comparisons. The corrected p-value
(sorted from lowest to highest) is computed as:

14

m—k+1’ (A5)

P <

where P is the p-value for the k-th comparison, « is the significance level, and m is the
number of comparisons. The corrected p-value is then used to determine the significance of
the difference between the models.

Appendix E. DTW Computation Time

The DTW/TWDTW algorithm is computationally expensive, especially when the
number of samples and the length of the time series are large. On average, the computation
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time to run a DTW experiment is 475.10 min, with a minimum of 185.85 and a maximum of
986.42 min. This computation increases significantly when classifying the whole study area,
considering that for each run, the algorithm classified 528 samples versus 1072 references.
Each cell has approximately 1.6 million pixels, so the total number of samples to classify
for the whole study area is approximately 90 million, which would require a significant
amount of time to classify the whole area using the DTW method. In contrast, the machine
learning methods are significantly faster.

The high computation time for DTW is primarily due to its pairwise comparison
approach, where each test sample is compared to every training sample, and the cost path
is evaluated for each combination. This process is repeated for each fold in cross-validation,
further increasing the total time. Machine learning methods such as NN and REF, on the
other hand, require an initial training phase, but once trained, their inference time is much
lower. NN models take longer to train than RF due to the iterative optimization and larger
number of parameters, but both are significantly faster than DTW for both training and
evaluation. Each test sample was compared with 1072 training samples for 69 dates, and for
either 4 or 8 channels.

To better understand the factors that impact the DTW computation time, a small
experiment was conducted to measure the time required to compute the distance matrix
for different numbers of samples (from 2° to 21°), dates (from 10 to 90 with a step of 20),
and channels (1, 4, and 8). The results of this experiment are presented in Figure A3.

DTW Performance Analysis
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Figure A3. DTW computation time by number of samples, dates and channels.

The DTW computation time increases with the number of samples and dates, with a
higher impact of the number of samples. There is no trend in the computation time with
the number of channels. For 70 dates, 1024 samples, and 8 channels, the DTW computation
time was 13.99 s. Extrapolating to 16 classes, 33 samples per class, and 3 folds yields an
estimated total of 370 min—consistent with the average observed in this study.

Based on Figure A3, the most sensitive factor for the DTW computation time is the
number of samples, hence reducing the number of samples per class or using k-means to
select samples can eventually reduce the computation time, considering using multiple
samples for forage for the given reasons.
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