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ABSTRACT

Artificial Intelligence (Al) and Machine Learning (ML) have become
increasingly integrated with Remote Sensing (RS) to support mineral
identification in both terrestrial and planetary contexts. Recent
advances in hyperspectral sensors (e.g., the GaoFen-5 [GF-5]
satellite and HySpex airborne imaging systems) and analytical
algorithms have enabled more precise mineral mapping. Despite
these advances, several challenges remain, including inconsistent
preprocessing, limited standardized datasets, and issues of
interpretability that restrict the operational use of Al-based mineral
identification models. This study applied a PRISMA 2020-guided
systematic review of literature published between 2015 and 2025. A
total of 137 records were screened; after applying inclusion and
exclusion criteria, 40 studies were selected for eligibility, and 14
were analyzed in detail. The classification of studies was organized
into three methodological categories: classical machine learning
(e.g., Support Vector Machines, Random Forest), deep learning
(e.g., Convolutional Neural Networks, Vision Transformers), and
statistical approaches. Classical algorithms remain competitive
when training data are limited, while deep learning methods provide
stronger performance in capturing spectral-spatial features,
particularly when large datasets are available. Multimodal fusion of
VNIR, SWIR, and TIR data improved classification accuracy by up
to 13% in selected studies. However, overfitting risks and limited
interpretability were consistently reported as critical drawbacks.
This review highlights the need for explainable Al frameworks, open
benchmark datasets with harmonized metrics, and lightweight edge-
computing architectures to enable operational deployment in
mineral exploration. Future research should prioritize cross-
platform generalization and reproducibility to ensure scalability
across diverse terrestrial and planetary environments.
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1. Introduction

Over the past decade, the integration of artificial intelligence (Al) and machine learning (ML)
into remote sensing (RS) has redefined mineral exploration by enabling automated, high-
resolution, and data-driven analysis. Traditional approaches, which relied heavily on manual
interpretation and spectral rule-based classification, have increasingly been replaced by
algorithmic workflows that utilize rich spectral inputs and scalable processing [1,2].

Technological progress in hyperspectral and thermal sensors, particularly from platforms such
as GF-5, ZY-1 02D, HySpex, and UAV-mounted systems, has significantly improved spectral
and spatial fidelity for mineral mapping in diverse terrains [3-5]. The operational flexibility of
UAVs has proven especially valuable for localized surveys and rapid revisits, effectively
complementing satellite-based global coverage [6,7].

Simultaneously, classical models such as Support Vector Machines (SVM) and Random
Forests (RF) remain widely used due to their robustness in high-dimensional data classification.
Deep learning models, particularly Convolutional Neural Networks (CNNs), have
demonstrated superior performance by capturing complex spectral-spatial features [8,9]. More
recent innovations such as Vision Transformers (ViTs) offer real-time onboard segmentation,
although they introduce challenges in training stability and model interpretability [10].

Beyond Earth, Al-assisted RS techniques have been deployed in planetary missions using
instruments such as CRISM and VNIS for automated mineral identification on Mars and the
Moon [11,12]. These applications highlight the growing role of Al in bridging terrestrial and
extraterrestrial mineral mapping, despite significant challenges in domain adaptation [13,14].

Despite growing interest, a consolidated review that integrates RS platform innovations,
Al/ML methods, data fusion strategies, and cross-domain deployments remains lacking. This
study addresses that gap by systematically analyzing peer-reviewed literature from 2015 to
2025, identifying technological trends, key limitations, and strategic directions, including the
need for explainable and field-deployable Al systems.

2. Methodology

This study adopted a systematic literature review (SLR) approach to map and synthesize
research on the application of Artificial Intelligence (Al) and Machine Learning (ML) in
Remote Sensing (RS) for mineral identification between 2015 and June 2025. The review
protocol followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA 2020) guidelines [15], which provide a structured framework for transparent
reporting of literature search, screening, eligibility, and inclusion stages. The methodology
builds on established guidance for SLRs in environmental and geoscience domains [16,17].
Figure 1 illustrates the rising trend in publications during this period, driven by increased access
to hyperspectral sensors, advanced deep learning models, and the operationalization of Al-
integrated RS systems.
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Figure 1. Publication Trends in Al and Remote Sensing for Mineral Identification.

A comprehensive search strategy was executed across Scopus, Web of Science, and IEEE
Xplore databases in January 2025. The query terms combined three thematic blocks: (i) Remote
Sensing and Hyperspectral Imaging (e.g., “remote sensing”, “hyperspectral”, “thermal

29 ¢

infrared”), (ii) Artificial Intelligence and Machine Learning (e.g., “machine learning”, “deep
learning”, “support vector machine”, “convolutional neural network”, “vision transformer”),
and (ii1) Mineral Identification (e.g., “mineral mapping”, “ore detection”, “spectral
classification”). Boolean operators (AND, OR) were applied to ensure coverage. Exclusion
criteria removed duplicates, non-peer-reviewed sources, and inaccessible full texts. This
process, summarized in the PRISMA flow diagram (Figure 2), resulted in 40 studies included

in the final synthesis.

From the initial 137 records, 97 were excluded during screening, leaving 40 studies for full-
text eligibility. Of these, 14 were retained for detailed analysis because they directly addressed
the intersection of AI/ML with RS for mineral identification and provided sufficient
methodological transparency. To structure insights, we applied the Concept Matrix method
[18] to classify RS platforms, AI/ML models, and application domains. In addition, keyword
analysis produced a TreeMap visualization (Figure 3), which highlighted dominant terms such
as ‘“remote sensing,” ‘“hyperspectral imaging,” ‘“machine learning,” and “mineral
identification,” thereby informing the thematic synthesis presented in the Results section.
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Figure 2. PRISMA Flow Diagram
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Figure 3. Keyword TreeMap visualization of selected articles (2015-2025)
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3. Results

The systematic review identified 14 studies that directly applied Artificial Intelligence (Al) and
Machine Learning (ML) to Remote Sensing (RS) for mineral identification. These studies
spanned multiple platforms—satellite, airborne, UAV-based systems, thermal infrared sensors,
multimodal fusion, planetary missions, and industrial applications. Their comparative
performance is summarized in Table 1, which consolidates RS modalities, Al/ML methods,
target minerals, reported accuracies, and methodological notes.

Satellite platforms such as GaoFen-5 (GF-5), ZY-1 02D, and ASTER were applied for regional
mineral mapping. GF-5, with its broad spectral range (400-2500 nm) and 50 m spatial
resolution, supported large-scale assessments but was limited in resolving local heterogeneity.
Reported accuracies ranged from 73% to 85%, with ZY-1 02D showing higher performance in
coal-bearing zones [4,19].

Airborne platforms including HySpex and AVIRIS enabled high spectral—spatial resolution
mapping of alteration zones such as kaolinite and hematite—goethite. These studies reported
accuracies above 80% and validated results with field spectroscopy [3,20].

UAV-based systems equipped with VNIR/SWIR hyperspectral sensors achieved sub-meter
resolution, allowing localized exploration. Using Non-negative Component Analysis (NCA)
combined with SVM and RF, accuracies of 85-90% were achieved in lithological classification
[21,22].

Thermal infrared sensors such as AisaOWL provided additional mineral discrimination. Sparse
PCA with SVM achieved up to 90% accuracy in classifying gypsum, quartz, and clay minerals,
though performance was sensitive to atmospheric noise [23,24]. Figure 4 illustrates reflectance
and emissivity spectra across VNIR, SWIR, and TIR, highlighting diagnostic absorption
features (e.g., OH in SWIR, Si-0 in TIR) that support improved classification [25].

Minerals |dentified In Different Wavelength Bands
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Quartz, felspar, chalcedony, calcite, dolomite
8.00-14.00

Minerals containing Mg-OH groups of ions, such as talc
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Figure 4. Reflectivity and emissivity spectra of typical minerals across VNIR, SWIR, and TIR regions [25].
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Fusion approaches integrating VNIR, SWIR, and TIR bands, or combining hyperspectral
imagery with geochemical datasets, consistently improved classification accuracy. Accuracy
gains of up to 13% were achieved when CNNs or Vision Transformers (ViTs) were applied,
though these required careful preprocessing and increased computational resources [10,25].

Planetary missions demonstrated the applicability of Al-based RS for extraterrestrial
mineralogy. CRISM and VNIS instruments identified sulfates, phyllosilicates, and plagioclase
on Mars and the Moon. CNNs and SVMs automated classification, reducing manual
interpretation, though challenges persisted with domain adaptation [11,14].

Industrial applications used UAV-mounted multispectral and RGB sensors for site-specific
exploration. Lightweight models such as One-Class SVMs and shallow ResNets supported
real-time anomaly detection (e.g., scheelite), even under bandwidth-limited conditions [26,27].

Table 1. Summary of the 14 studies included in the detailed analysis (2015-2025)

RS Platform  Sensor / Data Type  AI/ML  Target Mineral ~ Reported Notes Reference
Method / Task Accuracy /
Insight
Satellite GF-5, ZY-1 02D, SVM, Hydrothermal, 73-85% ZY1-02D [4,19]
ASTER SAM, RF alteration superior in
zones coal-bearing
measures
Airborne HySpex, AVIRIS RF, Kaolinite, >80% Validated with [3,20]
CNN, hematite- field data
SAM goethite
UAV-Based VNIR/SWIR HSI NCA + Rock types, 85-90% Sub-meter [21,22]
SVM, RF localized resolution,
mapping dimensionality
reduction used
Thermal AisaOWL, LWIR Sparse Gypsum, Up to 90% Sensitive to [23,24]
Sensors PCA, quartz, clay atmospheric
SVM series noise
Fusion VNIR+SWIR+TIR, CNN, Carbonates, Fe +13% Requires [10,25]
(Multimodal) HSI+XRF GLCM, minerals careful
ViT preprocessing
Planetary CRISM, VNIS CNN, Sulfates, Not Domain [11,14]
(Mars/Moon) SVM, phyllosilicates, specified adaptation
Unmixing plagioclase challenges
Industrial Use  UAV Multispectral One- Anomaly Practical Real-time [26,27]
+RGB Class detection, performance under low
SVM, scheelite bandwidth
ResNet

Across platforms, Table 1 shows that classical ML methods (SVM, RF) performed robustly
under limited data conditions, while deep learning (CNNSs, ViTs) achieved higher accuracies
with large annotated datasets. Hybrid approaches, such as PCA combined with ML classifiers,
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provided computational efficiency and interpretability but generally reported lower accuracy
compared to deep learning. These trade-offs are central to the discussion that follows.

4. Discussion

This review demonstrates how the convergence of Artificial Intelligence (Al), Machine
Learning (ML), and Remote Sensing (RS) has substantially advanced mineral identification,
improving automation, spectral-spatial resolution, and classification accuracy. The adoption
of high-fidelity platforms such as GF-5, HySpex, and UAV-mounted hyperspectral systems
has enabled discrimination of complex mineral assemblages with increasing spatial precision
[3,28]. Nevertheless, variability in sensor characteristics across platforms complicates
benchmarking and comparability. Differences in spectral coverage, atmospheric correction
requirements, and terrain accessibility create challenges for reproducibility [29]. A critical
future direction is the establishment of standardized calibration protocols and interoperable
benchmark datasets that span VNIR, SWIR, and TIR ranges, thereby enabling more consistent
cross-site validation.

Algorithmic advances have also reshaped mineral classification workflows. Classical models
such as SVM and RF demonstrated robustness in data-limited contexts, providing reliable
performance in satellite- and UAV-based applications [4,22,30]. Their interpretability and
lower computational demands make them suitable for operational deployment, though they
struggle with scalability in highly heterogeneous datasets. In contrast, deep learning models
such as CNNs and Vision Transformers (ViTs) achieved superior performance in extracting
spectral-spatial features from airborne and fused datasets [9,10]. However, these models
remain dependent on large annotated datasets and high computational resources, limiting their
applicability in low-resource or planetary contexts. Emerging approaches such as transfer
learning, synthetic spectral libraries, and lightweight CNN/VIT variants optimized for edge
computing offer promising solutions to bridge these gaps. In addition, the growing field of
explainable Al (XAl) provides opportunities to improve transparency, although current tools
still lack mineralogy-specific interpretability [25,31].

Hybrid and statistical methods continue to provide value, particularly in balancing efficiency
and interpretability. Techniques that integrate PCA, spectral unmixing, or texture indices with
machine learning classifiers achieved moderate accuracy but allowed computationally efficient
processing [17,23]. While less accurate than deep learning, these approaches remain attractive
for exploratory surveys or resource-limited operations. Their utility can be enhanced by
embedding XAl frameworks such as saliency mapping or SHAP values, which would
strengthen interpretability without sacrificing predictive power.

Several cross-cutting challenges emerged across all methodological categories. First, data
scarcity and limited annotated benchmarks persist. Many of the 14 studies analyzed relied on
proprietary or site-specific datasets, restricting generalizability [3,11]. Progress will require
open, community-driven spectral repositories with harmonized performance metrics. Second,
interpretability and trust remain major concerns, especially for black-box deep learning models
applied in high-stakes exploration scenarios [19]. Advancing domain-specific XAl tailored to
mineralogical inference is therefore essential. Third, operationalization remains a significant
gap: few studies addressed near-real-time deployment or robustness under field conditions.
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Early progress with UAV-based anomaly detection using compact SVM and CNN models
demonstrated feasibility [26,27], but highlighted trade-offs between complexity,
interpretability, and robustness. Development of lightweight, fault-tolerant edge-Al pipelines
integrated with modular sensor systems should therefore be prioritized.

Planetary exploration studies underscore the additional complexity of domain adaptation.
Instruments such as CRISM and VNIS enabled detection of sulfates, phyllosilicates, and
plagioclase on Mars and the Moon, with CNNs and SVMs automating classification [11,14].
However, discrepancies in illumination, atmosphere, and surface properties compared to
terrestrial conditions limited transferability [13,32,33]. Validation using Earth analogs such as
the Atacama Desert has improved confidence, but spectral divergence remains problematic
[34]. Incorporating synthetic training datasets and modular transfer learning pipelines may
provide a pathway for adapting models to extraterrestrial conditions.

Overall, while deep learning currently dominates in terms of accuracy, classical and hybrid
methods continue to play critical roles where data scarcity, interpretability, or computational
efficiency are priorities. Moving forward, the advancement of domain-specific XAl, the
creation of open benchmark datasets, and the operationalization of lightweight edge-Al
architectures will be essential to ensure that Al-enhanced RS systems are robust, interpretable,
and scalable across terrestrial exploration and planetary missions.

5. Conclusion

The integration of artificial intelligence (Al) and machine learning (ML) with remote sensing
(RS) has profoundly reshaped mineral identification over the past decade. This review
synthesized 40 studies (2015-2025), highlighting progress in sensor technologies, algorithmic
methods, and multimodal data fusion across terrestrial and planetary settings. Innovations in
hyperspectral imaging, combined with models such as SVM, CNN, and Vision Transformers,
have improved classification accuracy and operational scalability.

Despite these advancements, challenges persist in model interpretability, cross-platform
generalization, and real-time field deployment. The limited availability of standardized datasets
and domain-adapted models constrains reproducibility and applicability, especially in
resource-limited or extraterrestrial missions.

Future research should prioritize explainable Al frameworks, lightweight edge computing
architectures, and open-access spectral repositories. Bridging the gap between high-
performance algorithms and field-operational systems will be essential for enabling
sustainable, scalable mineral exploration on Earth and beyond.
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