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Abstract. We present a metric learning approach for mineral classifi-
cation using a merging of hyperspectral and multispectral satellite data.
Our method integrates spectral information from multiple providers,
including EMIT, EnMAP, PRISMA, Sentinel-2 , and WorldView-3 in
unified embeddings. To reflect realistic operational conditions, we intro-
duce a training-time augmentation strategy in which a random subset of
providers is masked, forcing the network to learn robust representations
that generalize to incomplete sensor coverage. Trained on an augmented
dataset derived from the USGS spectral library, the proposed network
significantly outperforms classical one-class methods such as Isolation
Forest and OCSVM in terms of Fl-score, while maintaining competi-
tive recall. Analysis of missing providers demonstrates that embeddings
remain stable when only a subset of sensors is available, particularly
when multispectral data are missing, whereas missing multiple hyper-
spectral providers has a substantial impact. The most robust embed-
dings are achieved when all hyperspectral providers are present, often in
combination with WorldView-3. These results highlight the importance
of hyperspectral data in discriminative mineral mapping. In general, our
approach provides a flexible and effective framework for operational min-
eral classification under realistic multisensor conditions.
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1 Introduction

Spectral remote sensing, which encompasses both hyperspectral and multispec-
tral imaging, enables a detailed characterization of surface materials based on
their reflectance properties across multiple wavelengths. Multispectral and hy-
perspectral imaging systems offer complementary capabilities for Earth obser-
vation and material discrimination. Multispectral sensors, such as Sentinel-2 [I]
and WorldView-3 [2], capture reflectance in a limited number of broad spectral
bands, allowing large-scale monitoring of vegetation [3], water bodies [4] and
land use [5] with high spatial coverage.
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Hyperspectral sensors, including EnMAP [6], PRISMA [7], and EMIT [§],
record data in tens to hundreds of narrow contiguous bands, allowing detailed
identification of surface materials based on their diagnostic spectral features.
These combined modalities have found broad applications in agriculture [9],
environmental monitoring [10], defense [11], and, most notably, in geological
exploration and mineral mapping [12].

Despite significant progress, large-scale mineral detection using spectral satel-
lite data remains challenging because of the heterogeneous nature of the available
sensors. Hyperspectral missions provide rich spectral detail but limited spa-
tial and temporal coverage, whereas multispectral systems offer frequent and
wide-area observations but at coarser spectral resolution. As a result, no single
provider can guarantee full data availability for a given area of interest, and
models trained on one sensor type often fail to generalize to others.

Most existing machine learning methods are designed for a specific data
provider, requiring sensor-specific preprocessing, retraining, or feature adapta-
tion. This approach limits operational scalability and robustness, particularly in
real-world scenarios where data from some providers are missing or incomplete.
Furthermore, current fusion strategies typically rely on fixed sensor combinations
and cannot adapt dynamically to partial multi-sensor coverage.

In this study, we address these limitations by introducing a unified metric
learning framework that is capable of jointly leveraging data from multiple hy-
perspectral and multispectral providers. We concatenate spectral bands from
EMIT, EnMAP, PRISMA, Sentinel-2, and WorldView-3 into a single feature
vector, allowing the network to learn a shared spectral representation across
heterogeneous sources. To simulate realistic observation conditions, we intro-
duce a random sensor masking strategy in which a random number of providers
are omitted during training. This forces the model to learn inter-provider rela-
tionships and remain robust when only partial data are available.

2 Related Works

2.1 Introduction to the Domain

Machine learning for mineral detection using remote sensing data has gained
significant attention in recent years [I3]. Hyperspectral data provide detailed
spectral information that is crucial for identifying and mapping minerals. One
of the key steps in this process is the extraction of meaningful features from
raw spectral data, which greatly influences the performance of machine learning
models [14].

2.2 Common Feature Extraction Methods

In most studies, hyperspectral data is obtained from a single sensor [15], and
the analysis typically begins with atmospheric correction, which is often per-
formed at the provider’s site. After preprocessing, feature extraction is applied
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to reduce dimensionality and highlight informative spectral patterns. The widely
used feature extraction methods include spectral indices such as the Normalized
Difference Vegetation Index (NDVI), the Soil Adjusted Vegetation Index (SAVI),
and the Principal Endmember Analysis indices (PEAs) ([16], [17], [18], Compo-
nent Analysis (PCA) ([19], [20], [21], [22]), Independent Component Analysis
(ICA) (23], [24]), Minimum Noise Fraction (MNF) combined with continuum
removal [25], Sequential Maximum Angle Convex Cone (SMACC) [26] and Uni-
form Manifold Approximation and Projection (UMAP)(|27], [2§]).

In nearly all cases, the input to these algorithms is a vector of values derived
from spectral bands of single sensors such as EMIT, EnMap or PRISMA.

2.3 Advanced and Data Fusion Approaches

Some studies have explored more advanced machine learning techniques and
data fusion approaches [29]. These works often aim to combine multiple types
of sensors or employ complex models to improve classification accuracy. For ex-
ample, several studies have focused on merging LiDAR data with hyperspectral
imagery ([30], [31], [32]). Other research has explored the fusion of optical and
hyperspectral data. For example, Sentinel-2 multispectral imagery has been fused
with PRISMA and EnMAP hyperspectral data to enhance the spatial resolu-
tion of hyperspectral products [33]. Transformer-based fusion approaches have
also been proposed for combining Sentinel-2 and Sentinel-3 data using synthetic
EnMAP-derived training samples [34]. These studies highlight the growing inter-
est in heterogeneous multi-sensor data fusion but generally assume complete data
availability or focus primarily on spatial-spectral resolution enhancement. In
contrast, our method merges hyperspectral vectors from multiple providers and
explicitly accounts for missing sensors by applying a random-provider dropout
strategy during training, better reflecting realistic incomplete coverage scenarios.

2.4 Gap and Our Contribution

Although many studies rely on individual satellite datasets and relatively simple
feature extraction methods, there is a lack of research that integrates multiple
sources into a unified vector for machine learning-based mineral detection. In
practice, hyperspectral coverage is often incomplete: some areas may only have
observations from one or two providers due to cloud cover, acquisition schedules,
or sensor limitations. Existing fusion approaches generally assume full coverage
and cannot handle these partial observations effectively.

The present work addresses this gap by creating a merged feature vector from
different providers, combined with a random-provider dropout training strategy.
This enables robust and informative input even when only a subset of sensors
is available in a given area. Importantly, our approach eliminates the need to
train multiple models for different provider combinations or to design specialized
fusion methodologies for each scenario; a single model is capable of handling
any combination of available providers, simplifying deployment, and improving
scalability.
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3 Methodology

3.1 Overview

The proposed approach learns a unified spectral embedding space that remains
robust across multiple satellite sensors with differing spectral resolutions. For
each sample, reflectance data from five sensors, EMIT, EnMAP, PRISMA, Sentinel-
2, and WorldView—3, are concatenated into a single feature vector.

p= [p17p27p37p47p5]a

where p, denotes the sub-vector corresponding to the i-th provider. This unified
representation enables learning of a sensor-invariant embedding function

fo: R* — RY,

which projects each spectrum into a latent space where samples of the same
mineral are closer together than those of different minerals.

3.2 Random Sensor Masking During Training

To improve the model’s ability to handle incomplete or heterogeneous obser-
vations from multiple providers, we introduce Random Sensor Masking as a
stochastic augmentation step. For each input vector p, a random subset of sen-
sors is masked to simulate missing data. Specifically, we first sample the number
of missing sensors

Nmissing ~ Uniform{0, max_ missing},

then randomly select the corresponding providers from the set of all five sensors.
All spectral bands from the selected sensors are replaced with zeros:

p=mOp,

where the binary mask m = [mq, ma, mg, mg, ms] is defined as m; = 0 if the
i-th sensor is missing and 1 otherwise. This augmentation simulates realistic
multi-sensor scenarios in which data from all providers are rarely available si-
multaneously.

3.3 Metric Learning Model Training

The model is trained using a learning objective metric based on triplet loss [35].
Each triplet consists of an anchor spectrum x;, a positive sample a:j' from the
same mineral class, and a negative sample «; from a different class. After apply-
ing random sensor masking, their embeddings are calculated as fs(Z;), fo(Z]),
and fo(Z; ), where fy : R — RP is the embedding function parameterized by
the network weights 6.
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The pairwise Euclidean distances are defined as
Diiv = ||fo(®:) = fo(@)y  Dii- = || fo(@:) — fo(27)]],-
The triplet loss function is expressed as

1

Ntriplets

‘Ctriplct - max (0, Di,i+ — Di,i— + ’ITL),

where m > 0 is a margin that enforces a minimum separation between dissimilar
samples in the embedding space.

3.4 Embedding-Based Classification

After training, the embedding function fy(-) is used for mineral identification by
comparing query embeddings to reference embeddings derived from full spectra.
Triplet training is performed on complete spectral vectors, ensuring that class
centroids represent full mineral signatures. During inference, a query spectrum
p may include only a subset of sensors; missing providers are zero-filled using
the same masking rule:

P=mOop.

The embedding fp(p) is then compared to the class centroids computed from
the full spectra:

j = argmin D(fy(P). ),

where g, is the mean embedding of class ¢, and D(-, -) denotes the Euclidean dis-
tance. This enables robust mineral identification even with partial multi-sensor
coverage.

3.5 Data source

Satellite data We considered five satellite data providers commonly used for
mineral detection: EMIT, EnMAP, PRISMA, Sentinel-2, and WorldView-3 [36].
EMIT, EnMAP, and PRISMA are hyperspectral missions covering the visible
to short-wave infrared (VSWIR) range (approximately 400-2,500 nm), while
Sentinel-2 and WorldView-3 provide multispectral observations.

EMIT, deployed on the International Space Station, acquires 285 spectral
bands at 60 m spatial resolution. EnMAP and PRISMA provide hyperspec-
tral imagery with 246 and 239 bands, respectively, both at 30 m resolution.
Sentinel-2 offers 13 multispectral bands with spatial resolutions of 10-60 m,
and WorldView-3 provides high-resolution multispectral and short-wave infrared
data with spatial resolutions down to 1.24 m (multispectral) and 3.7 m (SWIR).

For validation, we used the Cuprite mining district (Nevada, USA), a well-
studied hyperspectral benchmark with extensive hydrothermal alteration. Ground
truth (GT) data were derived from published mineral maps [37] and vectorized
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into geospatial polygons for evaluation. These maps are based on field obser-
vations, laboratory spectroscopy, and airborne imaging spectrometry, providing
reliable reference labels. The GT polygons capture the spectral complexity of
Cuprite, where multiple alteration minerals frequently co-occur within a single
pixel, making them a realistic and challenging benchmark for algorithm assess-

ment (Figures [Ta] and [Ib).
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Fig. 1: Ground-truth mineral maps of the Cuprite mining district (Nevada, USA),
derived from [37].

USGS Spectral Library We used mineral reflectance spectra from the United
States Geological Survey (USGS) spectral library [39] as the primary reference
dataset. The library contains high-quality laboratory measurements of miner-
als, rocks, soils, vegetation, and man-made materials across the ultraviolet to
thermal infrared range. Because of its standardized acquisition protocols and
extensive spectral coverage, the USGS library serves as a reliable reference for
hyperspectral analysis. In this study, ground-truth spectra are provided for train-
ing and evaluating the proposed embedding network, as well as for simulating
sensor-specific responses in the multi-provider dataset.
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4 Experiments

4.1 Experimental Setup

The experiments aimed to evaluate the effectiveness of metric learning networks
in embedding hyperspectral mineral spectra into a feature space where the spec-
tra of the same mineral are closer together while being separated from different
minerals. This is particularly important for mineral identification based on sim-
ilarity, especially when labeled data are limited.

A synthetic data set was generated based on real spectral signatures of seven
minerals commonly associated with porphyrical copper deposits (PCD): alunite,
chlorite, calcite, goethite, hematite, jarosite, and kaolinite. The synthetic spectra
incorporate realistic variations due to illumination, atmospheric effects, sensor
noise, and mineralogical heterogeneity, enhancing the robustness of the learned
representations.

All spectral data from different providers were resampled to a spatial resolu-
tion of 30 meters during the inference and validation steps, ensuring consistency
in the EMIT, EnMAP, PRISMA, Sentinel-2 and WorldView-3 data. This allowed
a fair comparison against the ground truth Cuprite maps.

Unless stated otherwise, the dataset construction procedure, data augmen-
tation strategy, network architectures, loss functions, and training hyperparam-
eters followed exactly the configuration described in [38§].

4.2 Data preparation

We utilized spectra from the USGS Spectral Library to generate synthetic data,
selecting pure mineral spectra rather than mixtures. These spectra were obtained
using the Beckman 5270 high-resolution spectrometer, covering the 0.2-3 pm
range [39]. As an initial step, we resampled the spectra to match the wavelength
requirements of each satellite dataset, specifically the spectral ranges of EMIT,
EnMAP, PRISMA, Sentinel-2, and WorldView-3. To mitigate the effects of atmo-
spheric absorption and water characteristics ScienceDirect2025, Clark1999, we
excluded bands in wavelength ranges 300-400, 910-1000, 1120-1190, 1340-1550,
1750-2050 and 2400-2500 nm.

The preprocessed spectra were concatenated into a single feature vector per
sample, with the following band counts: EMIT 171, EnMAP 159, PRISMA 141,
Sentinel-2 12, and WorldView-3 16, resulting in 499 bands per vector. Following
our previous methodology, these vectors were enhanced using spectral transfor-
mations to simulate measurement variability and sensor noise, and then split
into training, validation, and test sets. This augmented dataset provides diverse
examples for robust model training while maintaining separate partitions for
unbiased evaluation.

4.3 Random Sensor Masking

To simulate realistic multi-provider scenarios, we applied a training-time aug-
mentation strategy in which a random subset of providers is selected for each
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sample, and the bands corresponding to unselected providers are set to zero.
This approach ensures that the network learns robust embeddings that can han-
dle partial sensor coverage, mimicking real-world conditions where data from all
sensors are rarely available simultaneously.

4.4 Network Configurations and Training

In our previous work, we systematically compared several shallow fully connected
(FC) architectures for mineral spectra embedding and found that a two-layer net-
work without dropout consistently achieved the best results across all evaluation
metrics and test scenarios. Based on these findings, we adopt this configuration
as the sole architecture in the present study.

The network consists of two linear layers with ReLU activations, mapping
the input spectra (input_bands) to a fixed-dimensional latent representation
(embedding _size). This simple yet effective design leverages the one-dimensional
nature of spectral signals, where spatial information is absent, and global spectral
relationships can be effectively captured without convolutional or sequence-based
modeling.

Each FC block transforms the high-dimensional input spectra into a compact
embedding space, where spectral similarity can be assessed directly in Euclidean
distance. The resulting embeddings are optimized using Triplet loss, which en-
forces relative distance constraints among an anchor, a positive, and a negative
sample. In our formulation, the anchor corresponds to a real spectrum from the
USGS spectral library, the positive is a synthetically augmented version of the
same spectrum, and the negative belongs to a different mineral class. This ob-
jective encourages spectra of the same mineral to cluster tightly in the latent
space while pushing dissimilar classes apart, promoting robust and discrimina-
tive representations across sensors and acquisition conditions.

4.5 Evaluation Metrics

The performance of the model was assessed using the ground-truth mineral an-
notations described in Section 3.2. Since the metric learning networks output
embeddings rather than class labels, we applied distance-based classification:
for each pixel, the Euclidean distance between its embedding and the reference
USGS mineral spectrum embedding was computed. Pixels with distances be-
low a selected threshold were assigned to the corresponding mineral class. The
threshold was chosen to maximize the F-score. We report standard classification
metrics:

Recall Fraction of correctly identified mineral pixels among all true pixels; high
values indicate that most true occurrences are detected.

Precision Fraction of correctly identified pixels among all predicted pixels; high
values indicate few false positives.
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F-score Harmonic means of precision and recall, providing a balanced perfor-
mance measure:

Feo precision - recall
~ 7 precision + recall’

4.6 Missing-Provider Analysis

To assess robustness to incomplete data, we formed multisource spectral vec-
tors by concatenating bands from all providers and systematically masked one
or more providers by setting their corresponding bands to zero. Each masked
spectrum was passed through the trained Siamese network and compared with
the complete-spectrum embedding.

Similarity was quantified using cosine similarity (Simcos), measuring angular
consistency, and Euclidean distance (Dgyc), measuring the absolute embedding
shift. This analysis was repeated for all combinations of missing providers to iden-
tify stable configurations with minimal embedding changes and critical providers
whose absence caused substantial embedding drift.

4.7 Computational Complexity and Implementation Details

The proposed model is computationally efficient due to its simple fully connected
architecture and was trained on a consumer-grade device with an Apple M4 chip.
It consists of two fully connected layers operating on a 499-dimensional input,
resulting in a low parameter count compared to deep architectures. Inference
requires only a forward pass and a distance computation in the embedding space,
scaling linearly with the number of reference embeddings. Although training is
more demanding than classical methods (e.g., OCSVM, Isolation Forest) due to
augmentation and triplet sampling, inference is significantly faster and does not
require retraining for different sensor configurations.

5 Results

Table [1] presents the performance of the one-class mineral classification of the
proposed metric learning network with random sensor masking, compared to
the classical one-class approaches [36] and a previously proposed metric learn-
ing baseline without masking [38]. While the classical methods (OCSVM and
Isolation Forest) were trained using five-fold augmented datasets, both met-
ric learning models were trained on substantially larger, identically augmented
datasets, allowing a direct assessment of the effect of sensor masking.

For Alunite, the masked FC Baseline network achieved a recall of 0.664 and
an Fl-score of 0.474, substantially outperforming the classical one-class meth-
ods in terms of Fl-score. Compared to the unmasked metric learning baseline,
which achieved an Fl-score of 0.353, the proposed masking strategy yields a
notable improvement in classification balance. Although recall is moderately re-
duced, the higher F1-score indicates improved precision and more robust decision
boundaries.
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A similar trend is observed for Jarosite. The masked FC _Baseline network
achieves an F1-score of 0.437, outperforming both classical methods and the un-
masked metric learning baseline (F1-score of 0.302). In contrast to Alunite, recall
for Jarosite also increases with masking, suggesting enhanced generalization of
the learned embeddings for this mineral class.

In general, these results demonstrate that the incorporation of random sensor
masking into the metric learning framework consistently improves the perfor-
mance of the one-class mineral classification, particularly in terms of balanced
precision recall behavior, as reflected by higher Fl-scores.

To further evaluate the robustness of the learned embeddings under realistic
multi-sensor conditions, a missing-provider analysis was conducted for Jarosite
and Alunite. Complete multisource spectral vectors were systematically masked
by removing one or more satellite providers, and the resulting embeddings were
compared to full-spectrum embeddings using cosine similarity and Euclidean
distance (Table [2)).

Table [2] summarizes the impact of missing providers on embedding stability.
For clarity, we report the five most and least affected configurations on the
basis of cosine similarity and Euclidean distance. Missing providers are listed
explicitly, where combinations including hyperspectral sensors (EMIT, EnMAP,
PRISMA) generally lead to larger deviations.

Table 1: Comparison of one-class mineral classification performance across classi-
cal one-class methods, prior metric learning network (MLN) approaches [36J38],
and the proposed metric learning network with masking (this work).

Mineral Method Dataset Size Recall F1-Score
OCSVM (5-aug) [36] 66,723 0.766 0.122
Alunite Isolation Forest (5-aug) [36] 66,723 0.786 0.253
MLN FC_ Baseline (7-aug) [38] 648,000 0.750 0.353
MLN FC_ Baseline (masking, this work) 648,000 0.664 0.474
OCSVM (5-aug) [36] 58,748 0.871 0.212
Jarosite Isolation Forest (5-aug) [36] 58,748 0.884 0.228
MLN FC_Baseline (7-aug) [38] 378,000 0.301 0.302
MLN FC_ Baseline (masking, this work) 378,000 0.448 0.437

The results in Table [2]show a clear asymmetry between multispectral and hy-
perspectral providers. The absence of multispectral sensors (Sentinel-2, WorldView-
3) results in only minor changes in the embedding space, as indicated by con-
sistently high cosine similarity (>0.999) and low Euclidean distance. In con-
trast, removing hyperspectral providers (EMIT, EnMAP, PRISMA) leads to
significantly larger deviations, especially when multiple hyperspectral sources
are missing simultaneously. This shows that hyperspectral data contribute the
most discriminative information to the learned representations.
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Table 2: Effect of missing satellite providers on embedding similarity and distance
for Jarosite and Alunite minerals

Jarosite ‘ Alunite
Metric Type Missing Providers Value‘Metric Type Missing Providers Value
Top 5 Most similar Embedding by Cosine Similarity(CosSim)
CosSim Wv3 0.9999 |CosSim PRISMA 0.9997
CosSim Sentinel-2 0.9998 |CosSim Sentinel-2 0.9996
CosSim PRISMA, Wv3 0.9995 |CosSim EnMap, Wv3 0.9996
CosSim EnMap 0.9995 |CosSim Wv3 0.9996
CosSim EMIT, Sentinel-2 0.9995 |CosSim EnMap 0.9993
Top 5 Disimilar Embeddings by Cosine Similarity (CosSim)
CosSim EMIT, EnMap, PRISMA, Wv3 0.5671|CosSim EMIT, EnMap, PRISMA, Wv3 0.8816
CosSim EMIT, EnMap, PRISMA 0.8004 |CosSim EMIT, EnMap, PRISMA, Sentinel-2 0.9173
CosSim EMIT, EnMap, PRISMA, Sentinel-2 0.9204 |CosSim EMIT, EnMap, PRISMA 0.9236
CosSim EMIT, PRISMA 0.9923|CosSim EnMap, PRISMA, Sentinel-2, Wv3  0.9926
CosSim EnMap, PRISMA, Sentinel-2, Wv3  0.9936 | CosSim EMIT, EnMap 0.9937
Top 5 Most Disimilar Embeddings by Euclidean Distance (EucDist)
EucDist EMIT, EnMap, PRISMA, Wv3 0.9305 |EucDist EMIT, EnMap, PRISMA, Wv3 0.4865
EucDist EMIT, EnMap, PRISMA 0.6318 |EucDist EMIT, EnMap, PRISMA, Sentinel-2 0.4068
EucDist EMIT, EnMap, PRISMA, Sentinel-2 0.3991 |EucDist EMIT, EnMap, PRISMA 0.3908
EucDist EMIT, PRISMA 0.1240 |EucDist EnMap, PRISMA, Sentinel-2, Wv3 0.1213
EucDist EnMap, PRISMA, Sentinel-2, Wv3 0.1127|EucDist EMIT, EnMap 0.1126
Top 5 Most Similar Embeddings by Euclidean Distance (EucDist)
EucDist Wv3 0.0137|EucDist PRISMA 0.0234
EucDist Sentinel-2 0.0220 |EucDist Sentinel-2 0.0275
EucDist PRISMA, Wv3 0.0305 |EucDist EnMap, Wv3 0.0293
EucDist EnMap 0.0306 | EucDist Wv3 0.0295
EucDist EMIT, Sentinel-2 0.0331 |EucDist EnMap 0.0375

6 Conclusions

In this study, we investigated the use of a metric learning network for min-
eral classification based on multisource hyperspectral and multispectral data.
Our results demonstrate that incorporating hyperspectral providers (EMIT, En-
MAP, PRISMA) significantly improves classification performance, highlighting
the value of hyperspectral data. The network remains functional even when only
a single data provider is available, indicating robustness to incomplete multi-
sensor coverage.

The absence of a single provider generally has a minor effect on embedding
quality, particularly when the missing sensor is multispectral (WV3 or Sentinel-
2). In contrast, the absence of multiple providers, especially hyperspectral ones,
has a substantial impact on embeddings. For both Jarosite and Alunite, the five
most affected cases always include at least two hyperspectral providers, while
the most stable embeddings are achieved when all hyperspectral providers are
present along with WV3.

These findings suggest that future work could explore models, such as au-
toencoders, capable of reconstructing missing sensor data based on the available
providers, further enhancing robustness to incomplete datasets. In general, our
metric learning approach effectively leverages multisource spectral data, produc-
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ing embeddings that generalize across varying sensor availability and providing
a foundation for operational mineral mapping under realistic data conditions.

Additionally, the proposed method demonstrates favorable scalability prop-
erties. Scalability of the proposed method depends on the dataset size and the
number of reference embeddings. Due to the fixed-length input and shallow ar-
chitecture, both training and inference scale linearly with the number of samples.
For large-scale datasets, the method can be applied in a tile-based manner, with
embeddings computed independently per pixel.
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