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Abstract

Hyperspectral remote sensing plays a crucial role in guiding and supporting various min-
eral prospecting activities. Combined with artificial intelligence, hyperspectral remote
sensing technology becomes a powerful and versatile tool for a wide range of mineral
exploration activities. This study investigates the effectiveness of ensemble learning (EL)
algorithms for lithological classification and mineral exploration using EnMAP hyperspec-
tral imagery (HSI) in a semi-arid region. The Moroccan Anti-Atlas mountainous region
is known for its complex geology, high mineral potential and rugged terrain, making it a
challenging for mineral exploration. This research applies core and heterogeneous ensem-
ble learning methods, i.e., boosting, stacking, voting, bagging, blending, and weighting to
improve the accuracy and robustness of lithological classification and mapping in the Mo-
roccan Anti-Atlas mountainous region. Several state-of-the-art models, including support
vector machines (SVMs), random forests (RFs), k-nearest neighbors (k-NNs), multi-layer
perceptrons (MLPs), extra trees (ETs) and extreme gradient boosting (XGBoost), were evalu-
ated and used as individual and ensemble classifiers. The results show that the EL methods
clearly outperform (single) base classifiers. The potential of EL methods to improve the
accuracy of HSI-based classification is emphasized by an optimal blending model that
achieves the highest overall accuracy (96.69%). The heterogeneous EL models exhibit better
generalization ability than the baseline (single) ML models in lithological classification.
The current study contributes to a more reliable assessment of resources in mountainous
and semi-arid regions by providing accurate delineation of lithological units for mineral
exploration objectives.
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1. Introduction
Lithological mapping is a crucial step toward effective mineral exploration in moun-

tainous and remote regions. The use of hyperspectral remote sensing imagery for litholog-
ical mapping is a practical and powerful tool for the accurate identification of potential
mineral zones. Several airborne and spaceborne hyperspectral sensors, including the
digital airborne imaging spectrometer, Hyperion, the hyperspectral digital imagery collec-
tion experiment (HYDICE), the advanced visible infrared imaging spectrometer (AVIRIS),
HyMap (hyperspectral mapper), and PRecursore IperSpettrale della Missione Applica-
tiva (PRISMA), as well as the recently launched Environmental Mapping and Analysis
Program (ENMAP), have been extensively used for lithological mapping and mineral
exploration [1–7].

Hyperspectral remote sensing technology becomes a powerful and versatile tool
for a wide range of mineral exploration activities. Ensemble learning (EL) techniques
in remote sensing for mineral exploration have gained increasing recognition and much
attention, as they can improve the accuracy and robustness of lithological and mineral
mapping [8,9]. Conventional single machine learning (ML) models (e.g., SVM and KNN)
often struggle with complex, nonlinear relationships and imbalanced data structures,
which limits their performance on lithological classification tasks [10]. Ensemble learning
represents a paradigm shift in predictive modeling, offering enhanced accuracy [11], a
particularly valuable approach when dealing with heterogeneous datasets and the inherent
complexity of the outcrop. Traditional ML algorithms, e.g., support vector machines (SVMs),
random forest (RF), k-nearest neighbors (k-NNs), decision trees (DT), extreme gradient
boosting (XGB), and artificial neural networks (ANNs) have demonstrated considerable
success in lithological classification using hyperspectral data [12–15]. EL methods capitalize
on their individual strengths, harmonizing them into a collective framework that mitigates
model-specific biases and achieves superior classification performance.

The models mentioned above utilize the rich spectral information of different hyper-
spectral images to capture subtle variations in mineral and rock composition. For example,
SVMs are particularly well suited to construct complicated decision boundaries (i.e., an
optimal separating hyperplane) in a high-dimensional feature space to ensure precise
separability of classes. RF utilizes ensemble learning to improve resilience to noise and
variability in the data. Despite its basic nature, k-NN (an instance-based classifier) remains
a powerful lazy learner that excels in classification scenarios where the spectral clusters are
clearly structured. However, these heterogeneous traditional machine learning models face
significant challenges when dealing with the inherent high dimensionality of hyperspectral
data (i.e., the curse of dimensionality) [16,17]. In addition, many traditional ML models
have difficulty capturing the nonlinear relationships and multimodal structure of geological
data, making it difficult to accurately classify complex lithological features. EL methods
(i.e., multiple classifiers) can improve prediction accuracy and robustness by leveraging
the strengths of individual models through the combination of their predictions [18]. EL
models are characterized by improved classification performance, effective handling of
unbalanced data, and reduced overfitting. The seamless integration of sophisticated en-
semble models combined with robust feature techniques remains essential for improving
the accuracy and reliability of lithological mapping in remote sensing.
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The fundamental types of ensemble models are as following: voting, bagging, boost-
ing, and stacking, each with unique approaches to integrate model predictions. Voting
(or majority voting) gathers predictions from diverse ML models by averaging their prob-
abilities (soft voting) or taking the most frequent class prediction (hard voting), aiming
to reduce baseline algorithms errors and then improve overall robustness [19]. Bagging
(Bootstrap Aggregating), used in random forest, reduces variance and prevents overfitting
by training models on randomly sampled subsets of the data and combining their decision
boundaries, typically through averaging or majority voting [20]. Additionally, boosting
methods, such as Gradient Boosting Machines (GBMs), AdaBoost, and XGBoost/XGB
(extreme gradient boosting), improve model performance iteratively, with each new model
focusing on mitigating the errors of the previous ones [21]. Stacking combines multiple
models by fitting a meta-learner that calculates the final prediction based on the outputs
of the base models, leveraging their distinct strengths in order to produce improved accu-
racy [22]. Further methodological details and performance evaluations of these models are
comprehensively presented in Section 3.

Numerous studies have substantiated the efficacy of ensemble learning paradigms
such as boosting, bagging, and stacking in classification/regression tasks within remote
sensing data analysis, owing to their capacity to enhance predictive performance and
generalization [23]. However, their systematic deployment in hyperspectral lithological dis-
crimination remains insufficiently explored. More specifically, conventional homogeneous
ensemble models, including RF and XGB, have been widely explored in lithological and
mineralogical mapping, capitalizing on their robustness and their ability to model spectral
patterns, e.g., [24–27]. In contrast, heterogeneous ensemble frameworks, which combine
diverse learning algorithms instead of relying on multiple iterations of a single model type,
remain underutilized in hyperspectral geological studies, with relatively few published
works in this area. For instance, Lin, Liu [28] employed the Sparrow Search Algorithm
(SSA) alongside two ML algorithms, RF and Gradient Boosting Decision Tree (GBDT) to
enhance mineral mapping using ZY1-02D HSI for the Qinghai Gouli region (China). Using
non-imagery data, Farhadi, Tatullo [29] demonstrated a valuable impact of heterogeneous
EL for lithological mapping using geochemical and geological data, revealing that stacking
ensemble methods yielded the highest Cohen’s kappa and Matthews correlation coeffi-
cient (MCC) scores, indicating their effectiveness in handling complex geological data.
For mineral prospectivity mapping, a recent study by Remidi, Boutaleb [30] proposed
an amalgamation of machine learning and deep learning methodologies, illustrating the
impact of a stacking ensemble technique in forecasting Pb-Zn mineral deposits within the
Northeastern region of Algeria. The model attained a ROC-AUC exceeding 98%, under-
scoring the dominant influence of tectonic dynamics and metallogenic mechanisms in the
metallogenies model. The research gap on the application of heterogeneous EL warrants
further investigation to elucidate their potential for improving classification accuracy and
interpretability in hyperspectral-driven lithological assessments.

The current work provides critical insights for advancing the field of lithological and
mineral mapping, particularly given the limited research on EnMAP hyperspectral imagery
for lithological mapping using heterogeneous ensemble learning models. We aim to address
the shortcomings/drawbacks of the traditional machine learning approaches by exploring
the potential of heterogeneous ensemble learning techniques. By systematically evaluating
the performance of various ensemble models in geological classification tasks, the current
research seeks out to establish a more robust framework for integrating hyperspectral data
with traditional ML along with EL techniques. This approach is especially significant in
regions where geological data is sparse, as accurate mapping is a prerequisite for effective
preliminary resource exploration. The primary objectives of this experimental research are
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as follows: (1) to evaluate the effectiveness of various heterogeneous ensemble learning
techniques (stacking, voting, blending, etc.) in improving the accuracy and robustness of
lithological classification using EnMAP hyperspectral data; (2) to perform a comprehensive
benchmark of the various EL methods; (3) to develop a framework for integrating ensemble
learning and HSI remote sensing data to enhance geological mapping accuracy in complex
(highly altered) and mountainous regions. Through these objectives, we aim to bridge the
gap between traditional ML models and advanced ensemble methods, paving the way for
more accurate geological mapping in analogous regions worldwide.

2. Geology of the Study Area
Study area is located in the northwestern region of the West African Craton (WAC)

(Figure 1a). More specifically, the area is located in the Anti-Atlasic belt, which is com-
posed of a Proterozoic basement outcrops and inliers, e.g., Kerdous, Bas-Draa, Saghro,
Bou-Azzer, Ifni, and Ighrem. These inliers are hidden under a Ediacaran-Paleozoic cover
in the western Anti-Atlas [31,32]. The current study was conducted along the eastern
border of the Kerdous inlier and intersects the site of the abandoned Idikel mine (Figure 1b).
Within the basement units, the Paleoproterozoic is dominated by polymetamorphic rock
complexes [33]. They are formed by the orthogneisses of Jbel Ouiharen (Xoε), as well as
schists, mica-schists, and blastomylonites (XIξ, luXII2). These units are overlain by several
granitoids, including the Tasserhirt Plateau granite (XIm). The Neoproterozoic comprises
quartzites (northern study area represented by Jbel Lkest quartzites (XII2q)), rhyolitic
volcanites and ignimbrites (XIIIm), from the Adrar Mkorn Mountain area Tafraout granites
(XII3γ), and volcano-detrital deposits (XIIIS1), materialized essentially with sandstone-
shale (XIIIS1e), as well as conglomerates (XIIIS1cg). This ensemble is overlain by XIIIS2 as
the ultimate conglomerates of the base of Adoudou series according to Hassenforder [33].
Doleritic veins (XII2) frequently occur within quartzites. The Paleozoic cover uncon-
formably overlies the Proterozoic lithofacies [34]. In the study area, this cover begins with
the basal series “serie de base” as a lower member, which consists of schists and sandstones
(Ad11a), limestones, and dolomites (Ad11b). Above this, the upper member of carbonates
is represented by the lower series “serie inferieure”, occurring in the eastern study area as
dolomites and limestones (Ad12).

From a metallogenic standpoint, the Eastern Kerdous inlier is an area known for its
copper and manganese deposits [35,36]. The study area has been thoroughly examined in
previous remote sensing investigations, which have provided insights into Neoproterozoic
to Cambrian copper mineralization in the surrounding area. These studies also identified
significant alteration processes, including argillic, phyllic, and silicification [27,35]. Alter-
ation spectral features have been highlighted with airborne spectroscopy data, as well as
captured in several rock classes mean spectra (Figure 2a). Figure 2b,d,j,l reveal the spectral
features of Al-OH, Fe2+, and Mg-Fe-OH (Figure 2j,l), respectively.
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Figure 1. Geological setting of the Kerdous inlier in the southwestern Anti-Atlas, showing its location
on the map of the Moroccan Anti-Atlasic Belt (a) [37], and the geological map of the study area (b),
extracted from the Tafraout map (1:100,000) (modified from [27]).



Minerals 2025, 15, 833 6 of 29

 

Figure 2. (a) Mean spectral signatures of 12 lithological units (refer to Table S1 for more details
regarding classes corresponding formations) in the eastern Ameln Valley Shear Zone (AVSZ). The
black arrows in the subplots (b–m) highlight the spectral features related to alteration minerals
occurrences in the eastern Kerdous region for the 12 mapped units (class1–class12, respectively) as
previously revealed in [38,39].

3. Materials and Methods
3.1. EnMAP Hyperspectral Dataset and Ground-Truth Information

The EnMAP satellite mission, created to support thorough global environmental
observation and analysis, was launched on 1 April 2022 [40]. This system is an imaging
push broom setup equipped with two spectrometers that capture spectral data within the
420 to 2450 nm wavelength range [41]. The hyperspectral EnMAP imager has a 30 m spatial
resolution and a swath width of 30 km, offering spectral resolutions of 6.5 nm and 10 nm,
respectively, in the VNIR and SWIR. The sensor also boasts an impressive signal-to-noise
ratio (SNR) of 400:1 at 495 nm and 170:1 at 2200 nm [42].

In this study, we used a cloud free EnMAP image (Level 2A EnMAP product atmo-
spherically and geometrically corrected), georeferenced using the Universal Transverse
Mercator, 29N, with the WGS84 datum. The scene, originally centered at coordinates
(Origin = −9.201435, 29.924735), was acquired on 9 August 2023 at 12:07:02 UTC. This scene
was subsequently resized and clipped to focus on the eastern Kerdous area, specifically
covering the Idikel mine region. This targeted spatial refinement ensured that the analysis
concentrated on the lithologically diverse and mineralogically significant zones relevant
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to the study objectives. Before applying classification algorithms, bands within the range
of 1780.22–1967.66 nm were removed (anomalous bands), as well as the anomalous band
at 2005.08 nm, along with the water absorption bands from 1330.85 to 1495.89 nm and
1780.22 to 2032.7 nm. After these exclusions, 204 bands were retained for further process-
ing. Furthermore, this study adopts lithological mapping with 12 lithological classes to
categorize the various rock types identified within the study area. Each class is assigned a
distinct code for identification, as defined in the Tafraout geological map. The 12 classes
are Class 1 (Orthogneisses), Class 2 (schist, mica-schist, gneiss, blastomylonites), Class 3
(dolerite), Class 4 (quartzites), Class 5 (granites—Tafraout), Class 6 (vulcanites and ign-
imbrites), Class 7 (greso-pelitic series with tuffs and local red limestone, conglomerates,
and coarse conglomerates), Class 8 (conglomerates—Ultimate), Class 9 (limestone and
dolomites—basal series), Class 10 (schist and sandstone—basal series), Class 11 (lime-
stone and dolomites—lower series), and Class 12 (Quaternary deposits). The ground truth
records consist of 5631 pixels, for a total classified area of 156,045 pixels [6].

3.2. Baseline Classification Algorithms

All experiments were conducted using a Python (3.11.13) environment, which is
flexible for ML-based processing. The implementation leveraged a wide range of scientific
and machine learning libraries, including NumPy, Pandas, Scikit-learn, Matplotlib, Seaborn,
Plotly graphing, as well as the Rasterio package. Ensemble and conventional classifiers
were built and implemented by means of Scikit-learn (v.1.6.1).

3.2.1. Support Vector Machines (SVM)

A Support Vector Machine (SVM) is a kernel-based learning algorithm that aims to
find the optimal hyperplane that separates data points of different classes [43]. SVMs
were primarily designed for separating two linearly separable classes. In cases where the
classes are not linearly separable, SVM uses kernel functions (kernel trick) to map the data
into higher-dimensional feature spaces, enabling non-linear classification to separate the
classes. The decision boundary is determined by support vectors data points closest to
the hyperplane by maximizing the margin space between two classes. SVM is an effective
method for high-dimensional data classification and is robust against overfitting issues,
especially when using regularization techniques.

3.2.2. k-Nearest Neighbors (KNNs)

k-Nearest Neighbors (KNNs) is a non-parametric instance-based learning algorithm
and makes no assumption regarding the underlying data distribution. The method predicts
the class of a data point based on the majority class among its k-nearest neighbors [44]. The
distance metric (e.g., Euclidean, Manhattan) determines similarities between data points.
KNN is simple and effective for small datasets but can be computationally expensive for
large datasets, requiring parameter optimization such as KD-trees or Ball trees for efficiency
and improved accuracy.

3.2.3. Multi-Layer Perceptron (MLP)

Multi-Layer Perceptron (MLP) is a class of artificial neural networks consisting of
multiple layers of interconnected neurons [45]. MLP uses backpropagation to update
weights through gradient descent, allowing it to learn complex non-linear relationships.
Activation functions such as ReLU and sigmoid enhance learning capabilities [46]. MLPs
are widely used in deep learning (DL) but require careful tuning of hyperparameters to
avoid overfitting (tuned hyperparameters optimization has been inserted Appendix A).
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3.2.4. Decision Trees (DTs)

A Decision Tree (DT) is a tree-based learning algorithm that recursively splits the
data based on feature thresholds to maximize class separation [47]. The splitting criterion
(e.g., Gini impurity, entropy) determines the quality of the splits. DTs are interpretable
and computationally efficient but prone to overfitting unless pruned or regularized [48],
while random forests-like models are ensemble methods that combine multiple DTs to
improve accuracy and generalization. In this context, we specifically assessed both DT and
RF models in our study area (see Section 3.3), where their performances were compared in
terms of lithological classification accuracy.

3.3. Homogeneous EL
3.3.1. Bagging

Also known as Bootstrap Aggregating, bagging is a machine learning technique
designed to enhance the accuracy and stability of classification and regression models. It
achieves this by reducing variance and minimizing the risk of overfitting. The process
involves generating multiple subsets of the training data through random sampling with
replacement. Each of these subsets, known as bootstrap samples, is used to train a separate
classifier of the same type. The final prediction is made by aggregating the outputs of
all individual classifiers, typically through a majority vote, to determine the most likely
outcome [49].

Random forest (RF) is an EL method based on decision trees, where multiple trees
are trained on bootstrapped samples of the data, and the final prediction is obtained by
averaging (for regression) or majority voting (for classification) [50]. RF reduces overfitting
compared to single decision trees and improves generalization by introducing randomness
in both data selection and feature selection. The algorithm is highly robust and performs
well with high-dimensional data [24]. RF also provides strong performance in RS data
analysis in terms of classification and regression. It is highlighted for its high classification
accuracy, non-parametric nature, and ability to estimate variable importance. It is robust to
noise and reductions in training data, and it requires fewer hyperparameters to be defined,
simplifying the tuning process compared to the SVM classifier [51,52].

Bagging–Decision Trees (Bagging–DT) is an ensemble learning technique that trains
multiple decision trees on different bootstrapped samples of the data and aggregates their
predictions [53]. Bagging reduces variance and improves model stability, making it more
robust to noise and overfitting compared to a single decision tree.

Extremely Randomized Trees (ETs), also known as extra trees, is a tree-based ensemble
method that introduces additional randomness by selecting feature splits completely at ran-
dom instead of optimizing a criterion [54]. This reduces variance further while maintaining
computational efficiency, making ET an alternative to random forest.

3.3.2. Boosting

Boosting algorithms are iterative algorithms based on the progressive improvement of
a model’s predictive quality by combining multiple weak models to create a more robust
and efficient model. Their principle relies on training a series of weak models sequentially,
giving more importance to the errors made by previous models. Each new model attempts
to correct the errors of the previous one by assigning more weight to the misclassified
observations [55].

Adaptive Boosting (AdaBoost) is a boosting technique that combines multiple weak
classifiers, typically decision trees, by assigning higher weights to misclassified samples in
each iteration [56]. The final classifier is a weighted sum of the weak classifiers, improving
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predictive accuracy. AdaBoost is sensitive to noisy data but works well for moderately
complex datasets.

Extreme gradient boosting (XGBoost) is an optimized gradient boosting algorithm
designed for speed and performance [57]. XGBoost minimizes loss through a gradient
descent approach and includes regularization terms to prevent overfitting. It is widely
used in machine learning competitions due to its efficiency and predictive power.

Histogram-based gradient boosting (HistGBT) represents an optimized form of tradi-
tional gradient boosting, designed to enhance computational efficiency by transforming
continuous input variables into a finite set of discrete bins [58]. This discretization ap-
proach markedly lowers both memory demands and processing time, rendering HistGBT
particularly advantageous for handling extensive datasets. The algorithm incorporates
sophisticated capabilities, such as intrinsic support for missing data and the enforcement
of monotonic relationships, thereby broadening its applicability and bolstering its perfor-
mance across a wide array of recent predictive modeling challenges [59,60].

3.4. Heterogeneous EL Methods
3.4.1. Voting

Voting is a fundamental ensemble-learning method that combines predictions from
multiple base classifiers to improve overall performance [61]. The flowchart of the voting
ensemble is shown in Figure 3. This technique can be categorized into two types: hard
voting and soft voting. In hard voting, each classifier casts a vote for a predicted class, and
the class with the majority votes is selected as the final output. In soft voting, the predicted
probabilities of each classifier are averaged, and the class with the highest probability is
chosen. Voting is particularly effective when the base classifiers are diverse, as it leverages
their complementary strengths to reduce individual biases and variance. In this study, the
soft voting method was employed, where the final prediction is based on the highest value
of the weighted average of the predicted probabilities. Notably, the implemented approach
does not require any hyperparameter tuning.

Figure 3. Diagram showing the voting EL method.

3.4.2. Stacking

Stacking is a popular heterogeneous ensemble-learning technique that can use meta-
models to combine different base classifiers for more accurate prediction results [62].
Figure 4 illustrates the flowchart of the stacking ensemble. The stacking method consists of
the following steps: (1) train multiple base classifiers using K-fold cross-validation on the
training set; (2) collect the output predictions (feature vectors) from these base classifiers
to create a new training dataset; (3) train a meta-classifier on this new dataset. Stacking
can collectively estimate errors from all base classifiers through the base-learning phase
and refine predictions through the meta-learning phase, thereby reducing residual errors.
In this study, logistic regression was utilized as the meta-classifier for generating the final
susceptibility prediction. Notably, this implementation does not require hyperparameter
tuning for the stacking method.



Minerals 2025, 15, 833 10 of 29

 
Figure 4. Stacking and blending EL methods.

3.4.3. Weighting

Weighting is an ensemble-learning method in which different classifiers contribute
to the final prediction with different importance levels [63]. The weighting ensemble’s
flowchart is shown in Figure 5. Instead of treating each model equally, weighting assigns a
confidence score to each classifier based on its performance on a validation set. The final
prediction is computed as a weighted combination of the individual predictions. Common
weighting strategies include accuracy-based weighting, entropy weighting, and Bayesian
model averaging. This approach improves robustness by prioritizing stronger models while
still leveraging insights from weaker classifiers. In this study, accuracy-based weighting
was utilized as the weighting strategy.

Figure 5. Weighted EL method.

3.4.4. Blending

Blending is a variant of stacking that uses a holdout validation set to train the meta-
model instead of K-fold cross-validation [64]. Figure 4 illustrates the mechanism of the
blending ensemble. Blending reduces information leakage compared to stacking and is
computationally more efficient, though it requires sufficient validation data to generalize
well. The process consists of the following steps: (1) split the training data into two subsets,
typically 70% for training and the rest for validation; (2) train base classifiers on the training
subset and generate predictions on the validation subset; (3) use these predictions as input
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features for the meta-model, which is then trained on the validation subset; (4) use the
trained meta-model to make final predictions. Logistic regression was utilized as the
meta-classifier for generating the final susceptibility prediction.

It is important to emphasize that hyperparameter tuning during the training phase
is crucial for ensuring the convergence of models toward optimal parameters. This pro-
cess, conducted within the main parameter ranges for each model, significantly enhances
model performance, leading to optimal accuracy. Accordingly, Table A1 presents the hy-
perparameter tuning details for the base classifiers. Hyperparameter tuning is a critical
step in machine learning to ensure models converge toward their optimal configurations,
maximizing predictive performance. This process involves the grid search application
to identify the best combination of hyperparameters for each algorithm [65,66]. Proper
tuning mitigates overfitting and enhances generalization, as demonstrated in studies where
optimized hyperparameters improved model accuracy [67].

3.5. Accuracy Analysis

For accuracy assessment, we employed multiple evaluation methods to gauge the per-
formance of our classification algorithms. The dataset was initially partitioned into training
and testing subsets using a conventional 70-30 split, ensuring a balanced representation of
samples. To comprehensively evaluate model effectiveness, we computed various metrics,
including overall accuracy (OA), average accuracy (AA), recall, F1-score, kappa coefficient
(k), user accuracy “Precision”, and producer accuracy “Recall” [68]. The corresponding
equations for each of these evaluation metrics are outlined below. It is noteworthy that in
remote sensing datasets classification accuracy, it is common to assess and quantify the com-
mission error and the omission error easily via user and producer accuracies, respectively
(Commission Error = 100 − User accuracy; Omission Error = 100 − Producer accuracy).

OA =
TP + TN

TP + FP + TN + FN
(1)

AA =
1
N

N

∑
i=1

TPi
TPi + FNi

(2)

Recall =
TP

TP + FN
(3)

Precision =
TP

TP + FP
(4)

F1 =
2 · Precision · Recall
Precision + Recall

(5)

κ =
OA − Pe

1 − Pe
(6)

With, the expected agreement (Pe):

Pe =
(TP + FP)(TP + FN) + (FN + TN)(FP + TN)

(TP + FP + TN + FN)2 (7)

where TP, TN, FP, and FN represent true positive, true negative, false positive, and false
negative values, respectively.

In scenarios with imbalanced datasets, where all classes are equally important, we
employed the macro-average method (Equation (8)).

MacroAvg(M) =
1
C

c

∑
i=1

Mi (8)
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where Mi is the metric (e.g., precision, F1-score. . .) for class i, and C is the total number
of classes.

This approach assigns equal weight to each class, ensuring a balanced evaluation
across all categories. Accordingly, the F1 scores were computed using the macro-average
method to provide a fair assessment of classification performance.

4. Experimental Results
4.1. Performance Metrics over the Used Models

The performance of each individual model and EM in classifying multiple lithologies
is extracted principally from confusion matrices (CMs). Figure 6 shows the CMs of SVM
(a), KNN (b), RF (c), DT (d), Bagging–DT (e), MLP (f), ADB (g), XGB (h), and HistGBT (i).
Additionally, Figure 7 shows the CMs of extra trees (j), stacking (k), voting (l), weighting
(m), and blending (n). Based on extracted CMs for the used classification method, there are
no major misclassifications, with the high values represented by dark blue. The details of
performance metrics have been materialized in Tables 1 and 2, as well as Figure 8.

Figure 6. Confusion matrices for the various multiclass lithological classification models are pre-
sented, including (a) SVM, (b) KNN, (c) RF, (d) DT, (e) Bagging–DT, (f) MLP, (g) ADB, (h) XGB, and
(i) HistGBT. These matrices, expressed in percentages, illustrate the performance of each individual
model, as well as that of the ensemble method (EM) in classifying multiple lithological units. They
enable a comparison of how effectively each model discriminates between different lithologies and
highlight misclassifications across the employed classifiers.
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Table 1. Accuracy of classification via SVM, kNN, RF, DT, MLP, ADB, XGB, and extra trees for each class from EnMAP hyperspectral data (all metric values are
expressed in percentage). Abbreviation: HT, hyperparameter tuning.

SVM kNN RF DT MLP ADB XGB ExTrees

Class No (Sign) UA PA UA PA UA PA UA PA UA PA UA PA UA PA UA PA

Cl-1 (Xoε) 98.28 90.48 82.76 91.72 85.06 89.16 63.79 62.01 96.55 92.31 70.11 61.31 90.8 88.27 88.51 93.33
Cl-2 (XIξ, luXII2) 92.04 97.31 92.04 91.17 89.81 92.46 78.66 78.16 93.95 96.09 79.62 82.24 90.76 94.68 92.68 92.97

Cl-3 (XIIδ2,Xδ) 77.78 100.0 66.67 100.0 66.67 100.0 66.67 60.0 77.78 100 11.11 100 66.67 85.71 66.67 100
Cl-4 (XII2q) 95.98 91.39 87.44 94.57 93.97 85.00 79.40 77.45 93.47 92.54 86.43 90.05 93.97 90.34 95.98 87.61

Cl-5 (XII3γ, XiγM) 98.83 99.61 97.28 97.28 99.22 94.44 89.49 90.20 98.44 98.44 96.5 96.88 98.44 94.05 100 96.62
Cl-6 (XIIIm) 90.91 84.51 83.33 88.71 83.33 96.49 57.58 65.52 92.42 95.31 74.24 74.24 86.36 87.69 83.33 100

Cl-7 (XIIIS1e, XIIIS1cg) 88.52 94.74 85.25 83.87 77.05 95.92 68.85 71.19 90.16 91.67 70.49 86 77.05 87.04 78.69 94.12
Cl-8 (XIIIS2) 94.97 95.94 96.48 77.42 94.97 89.15 77.39 73.33 94.47 94.95 89.95 81.74 92.46 92 94.47 89.52
Cl- 9 (Ad11b) 88.37 92.68 72.09 96.88 74.42 94.12 67.44 70.73 90.7 95.12 69.77 90.91 74.42 91.43 76.74 94.29
Cl-10 (Ad11a) 95.00 93.44 80.00 96.00 81.67 92.45 68.33 56.94 90 87.1 83.33 64.94 85 89.47 85 96.23
Cl-11 (Ad12b) 98.80 98.40 96.79 94.88 98.39 94.59 84.74 92.14 98.8 98.8 93.57 96.28 98.39 96.46 99.6 96.12

Cl-12 (q2e,q3-4) 93.22 98.21 96.61 93.44 93.22 93.22 83.05 85.96 94.92 90.32 83.05 94.23 96.61 91.94 96.61 95

OA 95.33 91.07 91.72 77.87 95.15 84.38 92.43 93.43
AA 92.73 86.39 86.48 73.78 92.64 75.68 87.58 88.19

Kappa 94.67 89.78 90.52 74.76 94.46 82.17 91.35 92.49
Recall Score 95.33 91.07 91.72 77.87 95.15 84.38 92.43 93.43

F1-Score 95.33 91.06 91.61 77.98 95.15 84.41 92.35 93.34

HT Time (s) 272.317 75.5883 1241.85 58.2372 659.843 1322.95 2563.07 158.265
Training Time (s) 1.0219 0.0013 3.3784 0.3655 4.6161 27.5388 5.711 1.0347

Table 2. Accuracy of classification via the EL of Bagging–DT, Boosting–HGB, stacking, voting, weighting, and blending for each class from the EnMAP hyperspec-
tral data.

Bagging–DT Boosting–HGB Stacking Voting Weighting Blending

Class No (Sign) UA PA UA PA UA PA UA PA UA PA UA PA

Cl-1 (Xoε) 85.63 88.17 91.95 90.40 98.85 93.99 98.85 95.03 98.85 95.03 98.85 94.51
Cl-2 (XIξ, luXII2) 91.40 89.97 90.45 96.93 94.90 97.39 94.90 97.07 94.59 97.06 95.86 97.41

Cl-3 (XIIδ2,Xδ) 66.67 100.0 66.67 75.00 77.78 100.0 77.78 100.0 77.78 100.0 77.78 100.0
Cl-4 (XII2q) 92.96 88.52 94.47 90.82 96.48 93.20 95.98 93.17 95.48 93.14 95.98 93.17

Cl-5 (XII3γ, XiγM) 98.83 93.38 98.83 95.13 98.83 99.22 98.83 98.83 98.83 98.83 99.22 99.22



Minerals 2025, 15, 833 14 of 29

Table 2. Cont.

Bagging–DT Boosting–HGB Stacking Voting Weighting Blending

Class No (Sign) UA PA UA PA UA PA UA PA UA PA UA PA

Cl-6 (XIIIm) 80.30 98.15 95.45 92.65 93.94 91.18 93.94 92.54 92.42 91.04 93.94 92.54
Cl-7 (XIIIS1e, XIIIS1cg) 72.13 93.62 81.97 92.59 91.80 94.92 90.16 96.49 90.16 96.49 90.16 96.49

Cl-8 (XIIIS2) 94.47 87.85 94.97 91.30 95.48 96.45 95.98 95.98 95.98 95.50 95.98 96.46
Cl- 9 (Ad11b) 69.77 96.77 83.72 92.31 90.70 100.0 90.70 97.50 90.70 97.50 93.02 100.0
Cl-10 (Ad11a) 76.67 90.20 88.33 91.38 95.00 95.00 95.00 95.00 95.00 95.00 95.00 95.00
Cl-11 (Ad12b) 99.60 95.75 98.80 98.01 99.60 98.80 99.60 98.80 99.60 98.80 99.60 99.20

Cl-12 (q2e,q3-4) 94.92 94.92 94.92 91.80 93.22 94.83 93.22 93.22 93.22 91.67 93.22 94.83

OA 91.48 93.79 96.45 96.39 96.21 96.69
AA 85.28 90.04 93.88 93.75 93.55 94.05

Kappa 90.24 92.91 95.95 95.88 95.68 96.22
Recall Score 91.48 93.79 96.45 96.39 96.21 96.69

F1-Score 91.32 93.75 96.44 96.38 96.20 96.68

HT Time (s) 1078.62 1665.51 2249.6 2249.6 2249.6 2249.6
Training Time (s) 9.9043 7.0604 64.3961 13.8811 55.4483 9.7907
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Figure 7. Confusion matrices for (a) extra trees, (b) stacking, (c) voting, (d) weighting, and (e) blending.
These matrices, expressed in percentages, illustrate the performance of each individual model, as
well as that of the ensemble method (EM) in classifying multiple lithological units. They enable a
comparison of how effectively each model discriminates between different lithologies and highlight
misclassifications across the employed classifiers.
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Figure 8. User accuracy (UA) and producer accuracy (PA) are calculated for each classification
method for a comparative evaluation of performance across the various algorithms used, whereas EL
techniques highlight consistency in handling both omission and commission errors [68].

A clear hierarchy of classification the models’ performance based on OA, F1 score,
recall, AA, and KA are displayed in Tables 1 and 2. Blending (0.9669), stacking (0.9645),
voting (0.9639), and weighting (0.9621), achieve the highest overall accuracies (Table 2),
closely followed by models such as SVM (0.9533) and MLP (0.9515). In contrast, the DT
demonstrates the lowest accuracy (0.7787), highlighting the significant advantage of more
advanced techniques. Using the five metrics, the ranking of performance is as follows:
blending > stacking > voting > weighting > SVM > MLP > HistGBT > extra trees > XGBoost
> RF > Bagging–DT > KNN >ADB > DT. Some variations are observed in AA, where KNN
slightly outperformed the Bagging–DT model, while the previous order is consistent across
the five metrics. The findings from the overall accuracy analysis are further supported
by this constant pattern across metrics such as the F1 score, recall, average accuracy, and
kappa coefficient, offering a thorough evaluation of the models’ capabilities.

Figure 8 shows a comparative analysis of ensemble models for lithological classifica-
tion based in UA and PA performance metrics. UA, also known as Pr, reflects prediction
precision, while PA, also known as recall, reflects classification completeness. A common
trend observed is that Bagging–DT, extra trees, KNN, and RF show a higher PA than UA,
suggesting that these models are effective at capturing a large portion of the actual pixels
for a class but may suffer from some over-classification or commission errors (Figure 8).
Models including blending, stacking, voting, and weighting demonstrate superior per-
formance, with PA exceeding 0.95 and UA surpassing 0.93, indicating a strong ability to
both capture actual lithological classes and reliably classify lithological units (Figure 8).
Conversely, the decision tree exhibits the lowest PA and UA, both around 0.73, illustrating
the significant advantage of ensemble methods, especially where the Bagging–DT has
improved the baseline DT model (Figure 8). In contrast, ADB presents a unique profile,
with a lower PA (0.7568) but a higher UA (0.8490), indicating a more conservative approach
that prioritizes accuracy over comprehensive coverage. The data from Figure 8 underscores
the effectiveness of ensemble techniques, with blending, stacking, voting, and weighting
achieving a balanced performance by maximizing both PA and UA (Figure 8).
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Figure 9b effectively visualizes the relative performance of each model across multiple
metrics, making it easy to identify trends and outliers. It is a visually intuitive comparison
of the classification models, reinforcing the findings that ensemble methods and advanced
algorithms generally offer superior performance in this context. The high performance
of blending (OA = 96.69%), stacking (OA = 96.45%), voting (OA = 96.39%), and weight-
ing (OA = 96.21%) underscores the effectiveness of combining multiple heterogeneous
ML models for improved lithological classification accuracy. Figure 9b highlights an im-
provement in the seven metrics values using the last four EL models compared to the rest
of the evaluated models. Figure 9b shows the medians of the models used via several
performance metrics. The heterogeneous EL models allowed us to obtain optimal results,
showing better stability across the four models used and increased OA by 4.34%.

(a) 

 
(b) 

Figure 9. Representation of performance metrics for machine learning models, comparing all single
and ensemble learning models used (a). The performance variations are highlighted in the baseline
model, and the homogeneous EL models, as well as the median, are calculated for each category
of models (b). The boxplot visualizes the distribution of model performance metrics: the central
line represents the median, the box spans the interquartile range (IQR), and the whiskers extend
to 1.5 × IQR. Outliers are shown as individual points, which are particularly evident when using
homogeneous EL models.
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4.2. Training Time

For practical ML deployment, beyond classification accuracy, computational efficiency
is critical (Table 1). In this investigation, the execution duration for each algorithm was
systematically recorded by programmatically leveraging Python’s module. The results
highlight both individual classifiers (e.g., SVM, RF, and XGBoost) and heterogeneous en-
semble strategies (stacking, voting, blending, and weighting), offering a comprehensive
view of their computational demands and predictive capabilities. Since EL methods inte-
grate multiple base classifiers, the hyperparameter tuning time reflects the sum of their
tuning times. In our case, the heterogeneous ensemble (via SVM-KNN-RF-MLP) led to a
cumulative tuning time of approximately 2249.60 s. This accumulation is expected, as each
base learner must undergo independent hyperparameter optimization before contributing
to the final ensemble prediction. The current findings show that while heterogeneous
EL methods do introduce higher computational costs during training when counting hyper-
parameter optimization, these costs remain within practical bounds for most applications,
when compared to those of the commonly used ML models. It is noteworthy that a contrast
in training time is demonstrated in baseline models: the RF and ADB models required
3.38 s and 27.54 s, respectively for training, with tuning times exceeding 1000 s. On the
other hand, simpler models such as KNN and DT were trained extremely quickly (0.0013 s
and 0.3655 s, respectively), though at the expense of lower predictive performance, as
detailed in the manuscript. On the other hand, the benchmark on the heterogeneous
EL models demonstrated that blending emerges as the most efficient heterogeneous en-
semble (9.79 s training time), while achieving the highest accuracy, outperforming stacking
(64.40 s) and voting (13.88 s). In addition, blending models employ a leave-one-out strategy
to construct the meta-feature dataset, which is computationally more efficient and faster. In
this realm, and despite the relative higher computational cost of heterogeneous EL mod-
els, they offer improved classification performance, which may justify their selection and
computational overhead in many practical use cases [69].

4.3. Accuracy of Lithological Unit Mapping

The performance of all the models used, including both baseline and heterogeneous
EL models, in classifying the twelve lithological units is clearly detailed in Figure 10. In
general, the UA and PA values were averaged for each class, reaffirming that the models
trained with the EnMAP data exhibit notable classification capability (see Figure 10a–c).
The results highlight the superior performance of all models (Figure 10a), with a median
accuracy approaching 90%. The highest accuracy levels were observed for classes 5 and 11,
which exhibit exceptionally narrow interquartile ranges (IQRs), indicating high consistency
across models. However, omission errors were noted in Class 3 when using base models
(Figure 10b).

For most lithological units, a narrow IQR indicates consistent classification perfor-
mance, while the presence of outliers suggests instances where certain models significantly
outperformed others. Among all models, the results of the heterogeneous EL models
(Figure 10c) demonstrated the highest accuracy in classifying the twelve lithological unit
classes. Additionally, the majority of classes (e.g., 1, 2, 4, 5, 8, 9, 10 and 11) exhibit high
median performance, consistently above or near 95%, with narrow IQRs, suggesting stable
and reliable classification across the ELEL models used. Classes 3, 6, 7, and 12 exhibit lower
median performance, below 93%, with broader IQRs, indicating greater variability and
potential challenges in accurate classification. These accuracies have been significantly
increased using EL models (Figure 10c), whereas several baseline models (Figure 10b)
failed to classify them. These results surpass those achieved by the baseline ML models
(Figure 10b) and mitigate the need for testing the performance of several models.
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(a) 

(b) 

 
(c) 

Figure 10. Accuracy values of each class, obtained by averaging UA and PA: (a) shows the extracted
values using the fourteen models; (b) represents the extracted values from baseline models; (c) rep-
resents the extracted results from EL bagging, boosting, stacking, weighting, and blending, where
higher consistency, as well as accuracies, is observed for all the mapped twelve lithological units.
The presence of outlines (filters) in subfigures (a,b) reflects the greater variability in performance ob-
served with baseline models and homogeneous EL models, emphasizing the contrast with the higher
consistency achieved by ensemble methods. On the other hand, (c) supports understanding of the
consistency and accuracy achieved across all twelve mapped lithological units, clearly demonstrating
the enhanced stability and performance provided by the proposed EL strategies.
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In addition to quantitative accuracy evaluations, visual analyses and comparisons
with previously established geological maps were conducted. The final thematic maps
underwent validation through on-site geological surveys. Specific observation points
were identified and integrated into the final thematic representation using HSI and het-
erogeneous EL models (Figures 11 and 12). Furthermore, photographs depicting the
primary lithological units within the study area are provided in Figure 12, enhancing
rock identification and validation. This reinforces the reliability of the proposed ap-
proach (heterogeneous EL) for future lithology mapping in analogous geological contexts.
Figure 12 also showcases in situ field observations, capturing distinct locations and litholog-
ical formations within the investigation area, located around the Idikel mine. The extracted
classification maps (Figures 11 and 12) demonstrate substantial potential for aiding the de-
lineation of geological formations within the Eastern Kerdous Inlier and updating previous
geological maps.

Figure 11. Lithological mapping results: SVM (a), KNN (b), RF (c), DT (d), Bagging–DT (e), MLP (f),
ADB (g), XGB (h), HistGBT (i), extra trees (j), stacking (k), voting (l), weighting (m), blending (n).
The FCCs as RGB (red, green, and blue) are shown for visual investigation using FCC MNF 3.2.1 (o)
and PC3.MNF.2.3 (p).
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Figure 12. Localized false color composites compared to the extracted sub-maps using 14 ML and
EL models. Lithological mapping result subsets and FCCs from PCA and MNF: SVM (a), KNN (b),
RF (c), DT (d), Bagging–DT (e), MLP (f), ADB (g), XGB (h), HistGBT (i), extra trees (j), stacking (k),
voting (l), weighting (m), and blending (n). The subsets of the FCC MNF 3.2.1, PC3.MNF.2.3., and
EnMAP 80.184.197 as R.G.B are shown in (o), (p), and (q), respectively.

5. Discussion
5.1. Model Performance Benchmark

Various intelligent modeling approaches have been applied across multiple geo-
science domains, providing researchers with valuable insights into lithological composi-
tions [70–73]. The identification and classification of lithological units have always been a
key focus in geological studies [74]. However, current research on the application of EL
for lithological mapping based on HSI remains limited. However, several studies have
emphasized the potential of non-heterogeneous (e.g., DT, RF, XGB, etc.) ensemble learning
in remote sensing applications [75]. A recent study by Giri, Janghel [76] highlighted the
effectiveness of a stacked-based heterogeneous (Naïve Bayes, KNN, DT, artificial neural
network, and SVM) EL model in mineral mapping using hyperspectral, offering pixel-level
valuable insights. They proposed a framework for mineral classification using AVIRIS-NG
airborne HSI data over Jahazpur, India, achieving high accuracy (98.96% OA). In addition,
by integrating various models, ensemble learning reduces the risk of overfitting, which is a
common issue in machine learning [76]. ML models typically require less computational
power and can perform effectively with smaller datasets compared to DL models, which
often necessitate substantial computational resources and large amounts of labeled data to
achieve optimal performance [23]. The comparison of baseline classifiers with ensemble
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approaches highlights a consistent trend of superior performance with blending, stacking,
voting, and weighting, confirming their robustness in hyperspectral lithological mapping.
The ranking order of classification models (blending > stacking > voting > weighting
> SVM > MLP > HistGBT > extra trees > XGBoost > RF > Bagging–DT > KNN > ADB > DT)
suggests that advanced ensemble techniques outperform conventional ML classifiers. The
performance of the selected baseline models (SVM, KNN, RF, and MLP), in combination
with ensemble learning, further underscores their effectiveness in lithological classifica-
tion. These classifiers are widely recognized for their ability to capture complex spectral
patterns in hyperspectral data [77–79], making them ideal candidates for ensemble-based
approaches. The DT, on the other hand, exhibited the lowest performance (OA = 77.87%),
reinforcing previous findings that DT models tend to suffer from overfitting and high
variance [50]. The current study confirms the fact that decision trees are susceptible to
producing suboptimal solutions and are prone to overfitting, particularly when dealing
with complex or high-dimensional datasets [80]. The current research findings show a
1.4–6% increase in the accuracy of individual baseline classifiers, which is consistent with
prior works in hyperspectral data classification in general, where EL outperformed common
ML models in various geological settings [23]. In addition, these results corroborate several
works, which highlight the fact that combining multiple classifiers reduces uncertainty [81]
and enhances classification accuracy [82] in remote sensing applications.

The observed relatively lower performance in certain classes (Figure 10), notably
Classes 3, 6, 7, and 12, is often attributable to intrinsic spectral properties, geological con-
text, or spatial representation. Class 3 (dolerites) exhibited persistent poor classification
across all maps, which can be attributed to its limited spatial extent within the study area
and the influential presence of pyrophyllite alteration minerals, known to significantly
impact spectral responses around this unit [38]. Furthermore, the spectral separability
between Class 6 and Class 7, both revealing volcanic rocks (based on the geological map of
Tafraout), was impacted by the inherent similarities in their spectral–chemical compositions.
Class 12, representing Quaternary sediments, naturally displayed a relatively lower accu-
racy median, since they are formed from the erosion and deposition of diverse surrounding
rocks, resulting in spectrally mixed pixels. Despite these specific challenges, it is crucial to
note that these classes remained well classified, with their accuracy consistently above 90%,
indicating the model’s overall robustness. The consistency in achieving high OA across all
classifications (Figure 10c) underscores the effectiveness of the heterogeneous ensemble
learning models, demonstrating their superior capability to handle the complexities of the
altered and geologically diverse mapped terrain. The consistency of this ranking across
multiple metrics (overall accuracy, F1 score, recall, average accuracy, and kappa coefficient)
further reinforces the reliability of EL models. This performance contrasts with the EL out-
puts based on FCCs over the area encompassing the Idikel mine (Figure 12), demonstrating
improved delineation of lithological units. Validation was conducted using multiple ap-
proaches, including geological point data, spectral signature analysis based on previous
observations [38], as well as the interpretation of FCCs as a commonly used technique in
remote sensing-based geological mapping [83,84], which confirmed the spectral coherence
of the mapped units. Comparing these outputs to existing geological cartography in the
region highlights their added value, offering enhanced resolution and accuracy that have
important implications for advancing mineral exploration activities.

On the other hand, the superior performance of blending and stacking in this study
aligns with previous research, indicating that the ensemble models tend to mitigate over-
fitting and improve generalization in classification tasks [85]. The results provide strong
evidence that ensemble learning significantly enhances classification accuracy in complex
geological terrains (Figure 9b). The integration of hyperspectral data with ensemble classi-
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fiers has proven effective in identifying lithological units, particularly in hydrothermally
altered zones.

5.2. Limitations and Future Directions

While this study substantiates the efficacy of ensemble learning in lithological clas-
sification, several important avenues remain for further exploration. First, although the
current framework leverages HSI data as the main data set, it does not yet incorporate
spectral indices (alteration features), textural features (e.g., GLCM and/or morphological
filters), and structural geology insights (e.g., lithological boundaries, structural lineaments,
and fracture patterns). Integrating such features could substantially enhance mapping
precision and robustness [84,86]. These features could be seamlessly incorporated into the
EL framework through multiple strategies, such as feature-level fusion, where they are inte-
grated alongside spectral band inputs. This integration would enrich contextual awareness
and likely yield more optimized lithological maps. Accordingly, leveraging geologically
meaningful features in this manner would improve the proposed model explainability,
contributing to clearer insights into how specific physical characteristics drive mapping
outcomes, thereby supporting interpretable and trustworthy results. A notable limitation
also stems from the spatial resolution of the EnMAP sensor (~30 m), which constrains
the capability to detect and accurately map small geological formations such as narrow
dykes or vein systems, potentially leading to underrepresentation of critical mineralized
structures, which is already defined during the mapping of doleritic dykes in the study
area [6]. Since explainability remains an inherent challenge in EL frameworks, especially as
model complexity increases. Future work should consider interpretability by incorporating
feature-importance-assessing methods and by evaluating the contributions of individual
classifiers within ensemble constructs. This would provide a better understanding of the
decision-making process and help geoscientists gain confidence in automated mapping
outputs, alongside the current efforts in this realm [84]. These upcoming directions, inte-
grating more intricate predictors, hybridizing proposed EL and DL paradigms, resolving
spatial resolution constraints, and deepening model transparency, are indispensable for
advancing interpretable and field-deployable solutions for lithological classification and
mineral exploration across the AVSZ and comparable geological settings worldwide.

6. Conclusions
In this study, heterogeneous ensemble learning methods such as bagging, boosting,

stacking, voting, weighting, and blending were applied and evaluated to overcome the
challenges in the accuracy of hyperspectral lithological mapping in the Ameln Valley shear
zone in the western Anti-Atlas, Morocco.

Baseline algorithms, homogeneous ensemble models, and heterogeneous ensemble
models have been analyzed comparatively in hyperspectral lithological mapping. The
results demonstrate that heterogeneous ensemble models achieve the best performance,
with high scores and low dispersion across all evaluated metrics, suggesting strong stability
and robustness in predictions. In comparison, homogeneous ensemble models show
improvement over baseline algorithms but could also exhibit variability due to the influence
of weak classifiers. As for baseline algorithms, although they achieve competitive scores on
some metrics, they display significant variability with higher dispersion, indicating lower
reliability compared to the other classifier groups.

1. This study confirms that hyperspectral data, when paired with ensemble learning
techniques, is highly effective for lithological mapping in hydrothermally altered
complex terrains. The use of ensemble methods, particularly blending, stacking,
voting, and weighting, provided valuable improvements in classification accuracy,
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demonstrating their suitability for mapping the complex geological features of the
Ameln Valley.

2. The findings suggest that the proposed EL models play a crucial role in enhancing the
accurate and efficient HIS-based identification of lithological units, particularly in geo-
logically similar regions. The benchmarking results demonstrate that the blending EL
model achieves an impressive OA of 96.96%. This is further highlighted by the ability
of other heterogeneous EL models to deliver consistent high and comparable accura-
cies while maintaining reasonable computational costs when taking into account the
combination of multiple models and their lower computational cost compared to DL
models, which are known for their relative complexity and for requiring substantial
computational power.

This study highlights the effectiveness of ensemble learning techniques, in particular
blending, stacking, voting, and weighting, in improving the accuracy of hyperspectral
lithological maps in complex mountainous geological regions. The integration of opti-
mized feature subsets and high-dimensional hyperspectral data has proven beneficial and
demonstrated the potential of these approaches for detailed lithological analyses in the
Ameln Valley region. The results provide valuable insights for future comparative studies,
especially for evaluating the capabilities of hyperspectral systems such as EnMAP for litho-
logical mapping in geologically analogue regions. The use of hyperspectral satellite data
can significantly improve geological analyses through ensemble learning for sustainable ex-
ploration in extreme or data-poor regions. This advancement supports data-driven decision
making for mineral exploration in mountainous and remote regions and for monitoring
environmental targets.
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Appendix A

Table A1. Hyperparameter optimization via Python-implemented grid search cross-validation:
optimal configurations for enhanced model accuracy.

Base Classifier Hyperparameters Optimized Parameter

SVM
C 10

gamma 0.01
kernel rbf

KNN

n_neighbors 11
weights distance
distance 2

algorithm auto
Leaf_size 10

RF

n_estimators 200
max_features sqrt
max_depth None

min_samples_split 2
min_samples_leaf 1

DT

criterion entropy
max_depth None

min_samples_split 2
min_samples_leaf 1

max_features None

Bagging–DT

Estimator DT
n_estimators 200
max_samples 1.0
max_features 0.5

MLP

hidden_layer_sizes (150, 100, 50)
activation ‘tanh’

solver ‘adam’
alpha 0.001

learning_rate ‘constant’
max_iter 100

AdaBoost

estimator DT
n_estimators 200
learning_rate 1.0

estimator__max_depth 3

XGBoost

n_estimators 200
max_depth 6

learning_rate 0.1
subsample 0.8

colsample_bytree 0.8
gamma 0

Histogram-Based GBM

max_iter 200
learning_rate 0.1
max_depth 15

min_samples_leaf 30

Extra Trees

n_estimators 200
max_depth None

min_samples_split 2
min_samples_leaf 1
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