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Abstract

Hydrothermal alteration mapping is a critical component of porphyry copper exploration
because alteration assemblages provide important vectors toward mineralization. This
study presents a systematic evaluation of supervised machine learning algorithms for
delineating hydrothermal alteration zones using Advanced Spaceborne Thermal Emission
and Reflection Radiometer (ASTER) short-wave infrared (SWIR) surface reflectance data
(AST_07XT). The investigation focuses on the Nain region within the central Urumieh–
Dokhtar Magmatic Arc (UDMA), Iran, a major metallogenic belt hosting numerous por-
phyry copper systems. Representative spectral endmembers corresponding to Al–OH-
bearing and Mg–OH-bearing hydrothermal alteration minerals were extracted using Min-
imum Noise Fraction (MNF), Pixel Purity Index (PPI), and n-dimensional visualization
techniques. These endmembers were subsequently used to train and evaluate a compre-
hensive suite of supervised machine learning classifiers, including linear, kernel-based,
tree-based, ensemble, probabilistic, boosting, and neural-network algorithms for pixel-
wise hydrothermal alteration mapping. Model performance was evaluated using multiple
statistical metrics, including overall accuracy (OA), average accuracy (AA), precision,
recall, F1-score, Cohen’s kappa coefficient, area under the ROC curve (AUC), spatial cross-
validation accuracy, uncertainty analysis, and spatial agreement analysis. Among the
evaluated classifiers, SVM_Linear, SVM_RBF, LDA, and MLP achieved the highest classifi-
cation performance, with overall accuracies exceeding 94% and strong spatial consistency
between classified maps. The resulting alteration maps display spatially coherent distribu-
tions of Al–OH and Mg–OH minerals that are consistent with established hydrothermal
alteration zoning models in porphyry–epithermal systems. The mapped hydrothermal
alteration zones show strong spatial correspondence with known mineralized areas and
alteration patterns within the Urumieh–Dokhtar Magmatic Arc, confirming the geological
reliability of the classification results. Uncertainty analysis further indicates high model
confidence across most alteration zones, with higher uncertainty values mainly restricted to
transitional and spectrally heterogeneous regions. The results demonstrate that integrating
ASTER SWIR imagery with supervised machine learning algorithms provides a robust,
scalable, and transferable framework for regional-scale hydrothermal alteration mapping
and mineral exploration in porphyry copper provinces.

Keywords: remote sensing satellite imagery; AST-07XT; alteration mapping; supervised
machine learning algorithms; porphyry copper mineralization; Nain region
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1. Introduction
The integration of machine learning (ML) techniques into geosciences has significantly

enhanced the analysis of large and complex geospatial datasets, particularly in mineral
exploration [1–4]. ML algorithms are categorized into supervised, unsupervised, self-
supervised, and reinforcement learning [1]. The use of supervised machine learning
is increasing in geological studies, such as geochemical exploration [5], distinguishing
lithological units [6–8], identifying lithium-bearing pegmatites [9], detecting hydrothermal
alteration in porphyry deposits [10], mapping linear geological structures [3], locating
podiform chromite deposits [11,12], identifying hydrothermal alteration in lode-type gold
deposits, and prospecting for volcanogenic massive sulfide, orogenic gold, porphyry
copper, epithermal gold, and additional lode-type gold deposits [13–16]. Supervised ML is
a method that uses labeled data for model building to predict values or new class labels.
This model tries to learn the relationship between data features and their labels [17]. These
methods offer improved classification accuracy, automation, and reproducibility compared
to conventional image interpretation approaches [18]. Supervised ML algorithms represent
diverse learning paradigms, including linear and nonlinear decision boundaries, bagging
and boosting strategies, probabilistic inference, and deep feature learning, thereby enabling
a systematic assessment of classification robustness under specific feature conditions [17,19].

A broad suite of supervised machine learning algorithms, such as tree-based ensem-
bles (Random Forest, Decision Tree, Extremely Randomized Trees), kernel-based methods
(Support Vector Machine), instance-based learning (K-Nearest Neighbors), probabilistic
classifiers (Gaussian Naïve Bayes, Gaussian Process Classification), boosting frameworks
(AdaBoost, Gradient Boosting, Histogram Gradient Boosting, XGBoost, LightGBM, Cat-
Boost), linear models (Logistic Regression, Stochastic Gradient Descent), discriminant
analysis (LDA, QDA), and neural networks (Artificial Neural Network) [17,19] can be
evaluated for geoscientific applications using remote sensing satellite imagery, especially
for alteration mapping and mineral exploration. Tree-based ensemble methods such as
Random Forest and Extremely Randomized Trees are widely recognized for their resis-
tance to overfitting, ability to model nonlinear relationships, and strong generalization
performance in geospatial datasets [20,21]. Kernel-based SVMs maximize class separability
in high-dimensional space, making them effective for spectrally overlapping alteration
minerals [22,23]. Gradient boosting frameworks (e.g., XGBoost, LightGBM, CatBoost)
enhance predictive accuracy through sequential error minimization and regularization
strategies [24,25]. In contrast, discriminant analysis and logistic regression provide statisti-
cally interpretable baselines, while stochastic gradient descent and neural networks offer
scalability and adaptive learning capacity for large datasets [26–28].

Satellite remote sensing plays a critical role in regional-scale mineral exploration, espe-
cially in arid and semi-arid terrains [29]. The Advanced Spaceborne Thermal Emission and
Reflection Radiometer (ASTER) provides multispectral data in the visible to near-infrared
(VNIR), short-wave infrared (SWIR), and thermal infrared (TIR) regions [30]. Of particu-
lar importance for mineral exploration are the six SWIR bands (1.6–2.43 µm), which are
highly sensitive to hydroxyl-bearing minerals. Al–OH and Mg–OH mineral groups exhibit
diagnostic absorption features near 2.2 µm and 2.33 µm, enabling the identification of
argillic, phyllic, and propylithic alteration zones commonly associated with porphyry and
epithermal systems [31]. Despite the extensive use of ASTER SWIR data for hydrothermal
alteration mapping, most previous studies have relied on conventional spectral enhance-
ment techniques (e.g., band ratios, PCA, SAM, MF) or have applied a limited number of
machine learning classifiers without systematic performance benchmarking [32,33]. More-
over, comparative evaluations across a broad spectrum of linear, nonlinear, ensemble,
boosting, probabilistic, and neural-network algorithms using identical input datasets re-
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main scarce. As a result, there is still limited understanding of how algorithmic architecture
influences alteration classification accuracy, robustness, and generalizability in multispec-
tral datasets with overlapping spectral responses. A key methodological challenge in
alteration mapping using multispectral SWIR data is the spectral similarity between alter-
ation assemblages, particularly within the Al–OH mineral group, where argillic and phyllic
zones exhibit overlapping absorption features near 2.2 µm [32,33]. This spectral ambiguity
complicates discrimination when using traditional threshold-based or single-model ap-
proaches. Therefore, a rigorous algorithmic comparison under controlled preprocessing
conditions is required to determine which supervised learning paradigms are most suitable
for resolving subtle spectral differences in hydrothermal systems.

The UDMA represents one of the most significant metallogenic belts in Iran, hosting
numerous porphyry copper and epithermal deposits formed during Cenozoic subduction-
related magmatism [34,35]. The Nain region (Figure 1), located in the central segment of
the UDMA, is characterized by Eocene volcanic sequences and Oligo–Miocene intrusive
bodies spatially associated with hydrothermal alteration and porphyry copper mineral-
ization. The Kahang deposit has been investigated by numerous researchers. In addition
to geological, ore microscopy, and fluid inclusion studies, ref. [36] performed 40Ar/39Ar
dating on hydrothermal biotites associated with the porphyry stock and potassic alteration
zone, and obtained an age of approximately 14 Ma for the hydrothermal alteration and
Cu-(Mo) mineralization event. Ref. [37] determined an age of approximately 15 Ma for the
quartz diorite intrusive body hosting the Kahang deposit based on U–Pb zircon geochronol-
ogy. A study on the chemistry of hydrothermal biotites from the potassic alteration zone
showed that the hydrothermal biotites of the Kahang deposit are chemically similar to
those of porphyry copper deposits and differ from hydrothermal biotites associated with
porphyry molybdenum systems [38]. In addition, several remote sensing studies have
been conducted in this area. For example, ref. [39] investigated hydrothermal alteration
in the Kahang porphyry copper deposit using ASTER data. The granodiorites hosting the
Zafarghand porphyry copper deposit were dated by [40–53] using the U–Pb method and
were classified as the oldest mineralization-hosting intrusive bodies in the central UDMA.
Remote sensing studies have also been carried out in this area. For instance, ref. [32] used
ASTER data to identify hydrothermal alteration patterns in the region. In another study
conducted in the Zafarghand area, ref. [41] utilized ASTER satellite imagery to detect
hydrothermal alteration zones. Furthermore, ref. [54] employed ASTER satellite data to
investigate alteration zones in the northwestern part of the Nain region.

Although previous studies have employed ASTER data and selected classification
methods for alteration mapping in parts of the UDMA [14,32,42,43], a comprehensive eval-
uation of multiple supervised machine learning algorithms applied to ASTER SWIR surface
reflectance data remains limited. Despite the widespread application of ASTER SWIR
imagery in hydrothermal alteration mapping, several challenges remain regarding the
reliable discrimination of different alteration assemblages in complex porphyry–epithermal
environments. In particular, the spectral similarity between Al–OH-bearing minerals
associated with argillic and phyllic alteration zones, together with the limited spectral
resolution of ASTER SWIR bands, may reduce classification reliability and increase uncer-
tainty in alteration mapping. Furthermore, although machine learning approaches have
increasingly been applied in mineral exploration studies, the comparative performance and
spatial robustness of different supervised machine learning algorithms for distinguishing
hydrothermal alteration minerals in the Urumieh–Dokhtar Magmatic Arc (UDMA) remain
insufficiently investigated. Therefore, the main scientific question of this study is whether
ASTER SWIR imagery, despite its limited spectral resolution and the spectral overlap
between hydrothermal mineral assemblages, can reliably discriminate and spatially map
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Al–OH and Mg–OH alteration minerals when integrated with supervised machine learning
algorithms in a geologically complex porphyry–epithermal environment.

Figure 1. Schematic deposit model of a typical porphyry copper deposit (modified from [44]).
(A) Schematic cross-section showing the distribution and characteristics of hydrothermal alteration
zones, including propylitic, phyllic, argillic, and potassic alterations. (B) Schematic cross-section
illustrating the ore types associated with each alteration zone.

2. Geology of the Study Area
2.1. Regional Geology

UDMA is part of the Zagros orogeny, which resulted from the Neotethys ocean
subduction beneath Central Iran [35]. UDMA with about 2000 Km is located between
the Central Iran and the Sannandaj–Sirjan zone. The UDMA is hosted for the Cenozoic
magmatism activity, and is predominantly formed of the Eocene volcanic rocks and the
Oligocene–Miocene intrusive rocks [49]. The UDMA is composed of thick sequences of the
calc-alkaline to adakitic lavas and pyroclastics, which formed as intermediate to acidic rocks,
including gabbro, diorite, granodiorite, granite, and ignimbrite, tuff, and aglumera [50]. The
change in the magma composition from calk-alkaline during the Eocene to adakitic during
Oligo–Miocene is related to the transition from the subduction to collision processes [51,52],
the latter of which is associated with the porphyry and epithermal mineralization [6].

UDMA is one of the most important host zones of the Iranian porphyry and epithermal
deposits [54]. The central part of the UDMA in the Nain region hosts several porphyry
deposits, including Kahang, Zafarghand, and the Kahyaz epithermal prospect (Figure 2).
These types of deposits are characterized by hydrothermal alteration, which especially
occurs with specific patterns around the porphyry deposit. The hydrothermal alteration
is a characteristic feature of the porphyry and epithermal deposits, which are commonly
formed in most deposits by mineralogical and chemical zoning, with lateral and vertical
extension relative to the groundwater table [44,55]. Alteration zones in the Kahang and
Zafarghand deposits include phyllic (quartz-sericite-rich), argillic (kaolinite-alunite-rich),
and propylithic alteration (epidote-chlorite-calcite-rich) [37,40].
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Figure 2. Geological and location map of the study area (after [45–48]).

2.2. Local Geology
2.2.1. Kahang Deposit

The Kahang porphyry copper deposit is located 73 km NE of Isfahan, in the central
part of the Urmia–Dokhtar magmatic zone. This deposit contains 120 million tons of ore
with a grade of 0.6% copper [36], and is the most important copper porphyry deposit in
the central part of the UDMA. The geological and alteration map of Kahang is shown
in Figure 3. The lithology of the Kahang consists of Paleocene–Eocene volcanic rocks
and Oligo–Miocene intrusive rocks. These intrusive rocks, composed of granodiorite and
quartz diorite, intruded into the older volcanic rocks with compositions of andesite, basaltic
andesite, and tuff. Similar to alteration zones of the porphyry deposits [44], mineralization
is surrounded by potassic, phyllic, argillic, and propylitic alterations [36,38,56]. Potassic
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alteration developed from depths of over 700 m in the central parts of veins and breccia
zones within quartz dioritic and monzonitic stocks, and granodiorite [36,56]. This alter-
ation is mainly traceable in the deeper sections. Phyllic alteration is characterized by the
development of the main minerals of sericite, quartz, and pyrite. Chlorite is also present
as a minor mineral. Sericite forms from the alteration of K-feldspar and plagioclase. The
intensity of this alteration is too intense to identify the original minerals [38,56]. Argillic
alteration that affected the dacitic and rhyodacitic rocks is characterized by clay minerals
dominantly kaolinite. This shallow alteration is considered to be a supergene overprint,
and the feldspar-to-clay alteration at depth is most likely of a similar origin. However, it is
also possible that the deep portion represents an hypogene argillic alteration. Near to fault
contacts, argillic alteration is overprinted by phyllic alteration [38]. Peripheral Propylitic
alteration mainly occurs in trachytic and trachyandesitic rocks, and covers a wide area.
This alteration is composed of chlorite and epidote, along with minor minerals such as
calcite, albite, sericite, and clay minerals [36,38]. The main mineralization in Kahang is
chalcopyrite and molybdenite that occurred in the veinlets and breccias associated with the
phyllic alteration [57].

 

Figure 3. (A) Alteration map of the Kahang deposit (after from [58,59]). (B) Geology map of the
Kahang deposit (after from [59]).
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2.2.2. Zafarghand Deposit

The Zafarghand copper-molybdenum deposit is located in 89 km northeast of Isfahan,
in the central part of the UDMA. Eocene volcanic rocks, consisting of dacite and rhyodacite,
are the oldest exposed units in this region [60]. Intrusive bodies, which have intruded into
the Eocene volcanic rocks, are composed of granite and porphyry granodiorite. Andesitic-
dacitic dikes with NW-SE and NE-SW trends cut the Eocene rock units [32]. Porphyry
granodiorite, as a stock form, hosts stockwork veins, veinlets, and mineralized breccia
(Figure 4A). Stockwork veins are concentrated in the deeper parts of the deposit and are
associated with potassic and phyllic alterations (Figure 4B). Mineralization has occurred in
both hypogene and supergene forms. Hypogene mineralization, characterized by sulfide
minerals (chalcopyrite and bornite), is limited to potassic and phyllic alteration. Potassic
alteration consists of secondary biotite and potassium feldspar, while phyllic alteration is
characterized by sericite, pyrite, and quartz minerals. Propylitic alteration, which extends
in the outer parts away from the intrusive body, is composed of chlorite, epidote, and
carbonate minerals [32].

 

Figure 4. (A) Simplified alteration map and (B) geological map of the Zafarghand deposit (after
modified from [61]).

2.2.3. Kahyaz and Neighboring Clay Mines

The Kahyaz epithermal gold prospect, located 40 km northwest of Nain in the central
UDMA, lies within the central part of the UDMA. Based on the 1:25,000 geological map
(Figure 5), the main lithologies of the area consist of Eocene andesitic volcanic rocks,
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basaltic andesite, and rhyolite, which are overlain by Oligocene basalts. A subvolcanic
dacite–rhyodacite intrusive body and microdiorite dikes are exposed in different parts of
the area, and they have caused argillic and silicic alteration in various zones. Propylitic
alteration, composed of chlorite and epidote, occurs in the andesite and basalt units.
Mineralization occurs as a quartz–calcite vein with a length of 2500 m and an average
thickness of 7 m. The average gold grade is about 1.1 ppm [62]. The mineralized vein
consists of the quartz, calcite, and adularia, and have the colloform and crustiform textures.
These features attributed to the low sulfidation epithermal deposits [55,63].

At the regional scale, several clay mines feed the ceramic and porcelain factory of
Isfahan town. In the nearby Kahyaz prospect, bentonite deposits of Jahan and Khack
mines plus to neighboring area, which are known as Neyestanak bentonite deposits, are
formed in the andesite, basaltic andesite, and trachy-andesite host rocks [64]. In this area,
propylitic, phyllic, and argillic alterations extend into volcanic and pyroclastic rock units.
Propylitic alteration, characterized by epidote and chlorite minerals, is more developed
than other alterations and has often occurred in basaltic andesite, andesite, and pyroclastic
rocks [42]. Phyllic alteration in this area is characterized by illite, smectite, albite, and quartz
minerals, mainly affecting andesites and pyroclastic rocks. Argillic alteration has developed
in volcanic and pyroclastic rocks, and formed by the decomposition of potassium feldspar
into various clay minerals [42]. Based on remote sensing studies in the Kahang deposit [65],
phyllic, argillic, and propylitic alterations have been identified as main alteration zones.
According to this study, the phyllic and argillic alterations overlapped; therefore, the
classic alteration zoning (from the intrusive body outward: potassic, phyllic, argillic, and
propylitic), which is characteristic of porphyry deposits [44], is not observed in this deposit.

 

Figure 5. Geological and alteration map of the Kahyaz prospect (after modified from [66]).
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2.3. Structural Geology

The distribution of hydrothermal alteration and mineralization in the study area is
strongly controlled by regional and local fault systems. At the regional scale, the Qom–
Zefreh fault, trending NW–SE, is the most important fault in the area. At the deposit
scale, numerous faults parallel to the regional faults are present. For example, in the
central part of the Kahang deposit, there is a 700 m-long fault that has influenced the
emplacement of igneous bodies [56]. Around the Kahyaz prospect and its surrounding
mines, the Kachou-mesghal and Zafarghand faults, with east–west trends, and the Kashan
fault, with a northwest–southeast trend, are among the most important faults in the study
area. The transpressional movement of these faults has caused brittle deformation events
and, consequently, regional mineralization [42]. This area is also structurally active. The
presence of brecciated and faulted rocks, as well as the abundance of dikes and mineralized
veins, all indicate the structural dynamism of the region. Most faults in this area are strike-
slip and normal faults. Northwest–southeast, east–west, and northeast–southwest trends
are the dominant orientations of faults at this local scale [42].

Quartz–calcite veins at the Kahyaz are associated with the development of fractures
and faults trending NE–SW and NW–SE. The main faults in this area have a NE–SW trend.
Most of dikes also have a NE-SW trend. Fractures and one of the main faults in the Kahyaz
area show a NW–SE trend [66].

The hydrothermal alteration and mineralization observed in the study area are closely
associated with Miocene intrusive bodies, particularly granodioritic and quartz dioritic
stocks. These intrusions acted as the heat and fluid sources responsible for the development
of hydrothermal systems. Alteration zoning follows the typical porphyry pattern, with
potassic alteration occurring near the intrusive centers, surrounded by phyllic and argillic
alteration zones, and grading outward into propylitic assemblages. Copper mineralization
is spatially associated with the intrusive centers and the surrounding hydrothermal alter-
ation halos, indicating a strong genetic relationship between magmatism, hydrothermal
alteration, and ore formation.

2.4. Metallogenic Framework

The study area is located within the central segment of the Urumieh–Dokhtar Mag-
matic Arc (UDMA), one of the most important porphyry copper belts in Iran. Numerous
geological, geochemical, geochronological, mineralogical, and remote sensing investiga-
tions have been conducted in the region. Previous studies have demonstrated that the
Kahang deposit represents a Miocene porphyry Cu–Mo system genetically associated
with granodioritic to quartz dioritic intrusions. Hydrothermal biotite 40Ar/39Ar dating
yielded ages of approximately 14 Ma for alteration and mineralization [36], while U–Pb
zircon geochronology indicated emplacement ages of about 15 Ma for the host intrusive
rocks [37]. Hydrothermal biotite chemistry further confirmed similarities with typical por-
phyry copper systems [38]. The Zafarghand porphyry system has also been interpreted as a
porphyry-style mineralized system based on intrusive-hosted Cu mineralization, hydrother-
mal alteration zoning, and recent U–Pb zircon geochronology [40]. In addition, several
remote sensing studies have mapped hydrothermal alteration patterns in both Kahang
and Zafarghand using ASTER imagery [32,41,65]. Collectively, these studies support the
interpretation that the investigated area forms part of a long-lived magmatic-hydrothermal
system characterized by porphyry-related alteration and mineralization.
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3. Materials and Methods
3.1. Remote Sensing Data Characteristics

ASTER is an advanced multispectral imaging sensor that is onboard the TERRA,
launched in December 1999, gathering data from March 2000 [30,67]. This instrument
collected the triple multispectral images from the Earth in ranges of visible to infrared
thermal, including three bands in visible to near-infrared (VNIR) with 0.5 to 0.9 micrometer
in wavelength and resolution of 15 m; 6 bands of short-wave infrared (SWIR) with
1.6 to 2.5 micrometers and resolution of 30 m; 5 bands in thermal infrared (TIR) with
8 to 12 micrometers in wavelength and 90 m in resolution [68]. Using the ASTER
sensor can distinguish the lithological units and hydrothermally altered districts [14].
The spectral resolution of ASTER data in the SWIR range makes it possible to map de-
tailed alteration zones. OH-bearing minerals show a distinct spectral absorption fea-
ture in the short-wave infrared range [69]. Detection of the Al-OH and Mg-OH min-
eral groups facilitated the determination of the altered area. The argillic alteration zone,
characterized by kaolinite and alunite minerals, has a binary absorption signature in
2.16 to 2.2 micrometers, coincident with 6 and 5 bands. Absorption in 2.2 micrometers
(or band 6) is stronger than 2.17 micrometers (or band 5). The spectral features of the
ASTER sensor and dataset are shown in Table 1. In this study, an AST_07XT ASTER scene
(AST_07XT_00305192004072015_20250124020808_18288) acquired on 19 May 2004 was ob-
tained from the NASA Earthdata website (https://www.earthdata.nasa.gov/) (accessed on
4 July 2024). The AST_07XT Level-2 product (Surface Reflectance VNIR and Crosstalk Cor-
rected SWIR) is cloud-free, exhibits minimal vegetation cover, and includes both VNIR and
SWIR spectral bands. The mineralogy of the hydrothermal altered minerals was analyzed
by X-ray diffraction spectrometer (XRD) in the laboratory of the Bu-Ali Sina university.
XRD analyses were carried out using an X-ray diffractometer equipped with a Cu–Kα

radiation source (λ = 1.54 Å), operated at 40 kV and 30 mA. Diffraction patterns were
recorded over a 2θ range of 2–60◦ and subsequently interpreted using Powder software
(version Profex 5.7.0).

Table 1. Spectral features of ASTER sensor [70,71].

Module Bands Spectra Range
[Center λ] (µm)

Spatial
Resolution (m)

VNIR (green/yellow) Band 1 0.52–0.60 [0.556]

15
VNIR (red) Band 2 0.63–0.69 [0.661]

VNIR Band 3N 0.78–0.86 [0.807]
VNIR Band 3B 0.78–0.86 [0.804]
SWIR1 Band 4 1.600–1.700 [1.656] 30
SWIR2 Band 5 2.145–2.185 [2.167]
SWIR3 Band 6 2.185–2.225 [2.209]
SWIR4 Band 7 2.235–2.285 [2.262]
SWIR5 Band 8 2.295–2.365 [2.336]
SWIR6 Band 9 2.360–2.430 [2.400]
TIR1 Band 10 8.125–8.475 [8.291]
TIR2 Band 11 8.475–8.825 [8.643] 90
TIR3 Band 12 8.925–9.275 [9.075]
TIR4 Band 13 10.25–10.95 [10.657]
TIR5 Band 14 10.95–11.65 [11.318]

3.2. Processing of the Datasets for Alteration Mineral Extraction

Endmember, or spectrally pure pixels were identified using Minimum Noise Frac-
tion (MNF) transformation [72,73], followed by Pixel Purity Index (PPI) analysis and
n-dimensional visualization [74,75], to construct a reference mineral distribution map. Fol-
lowing matched filtering and spectral screening procedures, a total of 11,127 pixels were
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selected for the Al–OH class, 14,753 pixels for the Mg–OH class, and 14,388 pixels for the
background class. The selected samples were derived from spectrally pure pixels identified
using MNF, PPI, and n-D Visualizer analyses and were subsequently verified through
Z-profile inspection, field observations, petrographic investigations, and XRD mineralogi-
cal analyses. This map was subsequently validated through field surveys. AST_07XT data
processing was conducted in ENVI 5.6, whereas supervised machine learning algorithms
were implemented in a Jupyter Notebook environment using Python version 3.9.25. The
overall workflow for hydrothermal alteration mapping is summarized in the flowchart
shown in Figure 6.

 

Figure 6. The overall workflow for hydrothermal alteration mapping using the SWIR bands. Spatial
cross-validation was implemented using a 5-fold GroupKFold strategy.
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Figure 7 presents the grayscale composite of the SWIR bands alongside the correspond-
ing classified reference map. To derive endmembers and construct this reference map, MNF,
PPI, and n-dimensional visualization were sequentially applied. MNF enhances class sepa-
rability while suppressing noise, functioning similarly to Principal Component Analysis
(PCA) by transforming the original multiband dataset into a reduced set of components
that retain the highest spectral variance [73]. Subsequently, spectrally pure pixels associated
with key indicator minerals (Al–OH and Mg–OH groups) were isolated using PPI and
n-D visualization. Threshold values for both classes were determined by comparing the
matched-filtered images for each class (Figure 8A,B) with false-color composites (Figure 8C).
Matched filtering (MF) is an advanced spectral analysis technique that performs partial un-
mixing to estimate the relative abundance of user-defined endmembers; by maximizing the
response of the target spectrum while minimizing background contributions, MF enhances
detection and discrimination of the target spectral signature within the imagery [76].

3.3. Machine Learning Algorithms for Alteration Mapping

Hydrothermal alteration minerals in the study area were classified using a suite of
supervised machine learning (ML) algorithms. The evaluated models included Random
Forest (RF), Support Vector Machine (SVM), Extremely Randomized Trees (ET), Decision
Tree (DT), K-Nearest Neighbors (KNN), Gaussian Naïve Bayes (GNB), Histogram Gradient
Boosting (HGB), Extreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine
(LGBM), Categorical Boosting (CatBoost), AdaBoost, Linear Discriminant Analysis (LDA),
Gradient Boosting Classifier (GBC), Quadratic Discriminant Analysis (QDA), Approximate
Gaussian Process Classification (GPC), and an Artificial Neural Network (ANN).

The RF, DT, and ET classifiers are tree-based models characterized by high compu-
tational efficiency, strong class separability, and conceptually simple decision rules [77].
RF is an ensemble method that aggregates numerous randomly constructed decision trees
to reduce overfitting and is widely adopted in geosciences owing to its robustness, appli-
cability to both classification and regression, ease of implementation, and capability to
handle large datasets [1,20,78,79]. DT is also extensively used due to their interpretability,
flexibility for mixed data types, and straightforward application to classification and regres-
sion tasks [1,77], whereas Extremely Randomized Trees (ET) further increase randomness
by selecting split thresholds at random, typically improving training speed relative to
conventional trees [1,17,19].

Gaussian Naïve Bayes (GNB) is a probabilistic classifier based on Bayes’ theorem that
assumes Gaussian-distributed features, enabling fast computation of class probabilities and
efficient data classification [1,19]. KNN is an instance-based algorithm that assigns class
labels according to the majority class among the k closest training samples in feature space;
smaller k yields more sensitive, locally adaptive classification, whereas larger k produces
smoother, more stable decision boundaries [80]. SVM implements statistical learning theory
by mapping input features into a higher-dimensional space and determining an optimal
separating hyperplane that maximizes the margin between classes, thereby enhancing
generalization and controlling overfitting [1,23,81,82].

AdaBoost is an ensemble technique that iteratively combines multiple weak learners
into a strong classifier by reweighting training samples, emphasizing misclassified instances
in subsequent iterations, and producing a weighted vote across base learners [21,83–86].
Gradient Boosting Decision Tree (GBDT) algorithms, including LightGBM, XGBoost, and
CatBoost, construct additive tree ensembles by sequentially fitting new trees to residual
errors [86]. LightGBM employs histogram-based binning and leaf-wise growth to accelerate
training and reduce memory usage while maintaining high accuracy and good generaliza-
tion, particularly for large datasets [87,88]. XGBoost is an optimized GBDT implementation
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that incorporates regularization and advanced tree-pruning strategies, making it highly
effective for both classification and regression [89–91]. CatBoost is specifically designed
to handle numerous categorical variables efficiently using oblivious (symmetric) trees
and ordered boosting to mitigate target leakage and overfitting, often achieving superior
performance on heterogeneous tabular data [86].

Discriminant analysis methods, including Linear Discriminant Analysis (LDA) and
Quadratic Discriminant Analysis (QDA), provide relatively simple yet powerful classifiers.
LDA assumes common covariance among classes and yields linear decision boundaries,
simultaneously serving as an effective dimensionality-reduction technique by maximizing
Fisher’s separability criterion without requiring hyperparameter tuning, whereas QDA re-
laxes the equal-covariance assumption and produces nonlinear boundaries [15,92]. Because
of these attributes, LDA has been widely applied in remote sensing for image classification
and feature reduction [93].

Figure 6 presents the general workflow adopted for hydrothermal alteration mapping
using ASTER SWIR data and supervised machine learning algorithms. The workflow
includes data preprocessing, spatially independent dataset preparation, feature extraction
from the six ASTER SWIR bands, implementation of multiple supervised classification
models, spatial cross-validation using GroupKFold, and final model evaluation based on
statistical accuracy metrics, uncertainty analysis, spatial agreement analysis, and geological
validation using field observations, petrographic investigations, and XRD analyses. The
performance of several nonlinear classifiers, particularly SVM, MLP, XGBoost, and Light-
GBM, was sensitive to hyperparameter selection. Therefore, Grid Search combined with
GroupKFold spatial cross-validation was used to identify optimal parameter combinations.
The relatively small differences between cross-validation and independent test accura-
cies indicate that the optimized models remained stable and did not exhibit substantial
sensitivity to parameter variations.

Figure 7. (A) AST-07XT gray image of the SWIR bands. (B) Distribution map of the Al-OH mineral
groups (red color), Mg-OH mineral group (green color) and background (black color).
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Figure 8. MF analytical results for (A) Al-OH mineral groups indicated by bright pixels;
(B) Mg-OH mineral group indicated by bright pixels; (C) false color composite image
(4, 6, and 8 bands correspond to red (R), green (G), and blue (B) channels of study area); (D) special
distribution of the pixels related to two different classes. Background image of 4, 6, and 8 bands
related to red (R), green (G), and blue (B), respectively.

To prevent information leakage, the dataset was first partitioned into spatially inde-
pendent training and testing subsets based on sample coordinates. Feature standardization
(Z-score normalization) was fitted exclusively on the training dataset, and the resulting
scaling parameters were subsequently applied to the independent test dataset. Following
spatial partitioning, approximately 50% of the samples were assigned to the training subset
and 50% to the testing subset. These datasets were then used for model training, spatial
cross-validation, and independent performance evaluation.

3.4. Model Evaluation

Model performance was assessed using average accuracy (AA), overall accuracy (OA),
recall, precision, F1-score, Cohen’s kappa, and receiver operating characteristic (ROC)
curves with the area under the curve (AUC). AA was computed as the mean of per-class
accuracies, where each class accuracy was calculated as the ratio of correctly classified
pixels to the total number of pixels within that class. Whereas OA represents the proportion
of correctly classified pixels over the entire dataset. Recall quantifies the ability of the model
to correctly identify positive samples (e.g., pixels belonging to a given alteration class),
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while precision measures the proportion of predicted positive pixels that are truly positive.
The F1-score is the harmonic mean of precision and recall, providing a balanced measure
of classification performance. The kappa coefficient expresses the degree of agreement
between predicted and true labels beyond chance, ranging from 0 to 1. ROC curves
illustrate the trade-off between true positive rate (TPR) and false positive rate (FPR) across
decision thresholds, and the AUC summarizes the model’s class-separation capability,
with higher AUC values indicating better discrimination. Classification uncertainty was
further evaluated using prediction probabilities derived from the classifiers, where lower
uncertainty values indicate higher model confidence. TP denotes true positives, and
FP denotes false positives [94,95]. The confusion matrix summarizes the predictions of a
machine learning classification model in tabular form, where rows represent the true classes
and columns represent the predicted classes. In this representation, rows correspond to the
true labels and columns to the predicted labels [77].

Precision =
TP

TP + FP
(1)

Recall =
TP

TP + FN
(2)

F1 − score = 2 × Precision × Recall
Precision + Recall

(3)

Accuracy =
TP + TN

TP + TN + FP + FN
(4)

K =
(Po − Pe)
(1 − Pe)

(5)

With : Po =
(TP + TN)

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

((TP + FN) ∗ (TP + FP) + (FP + TN) ∗ (FN + TN))

(TP + TN + FP + FN)2

Spatial cross-validation accuracy (CV_Accuracy) was computed using GroupKFold spatial
cross-validation in order to reduce the effects of spatial autocorrelation and evaluate the robustness
of the classification models under spatially independent validation conditions. Higher CV_Accuracy
values indicate stronger model generalization capability across spatially separated data subsets.

Classification uncertainty was estimated from class probability outputs using the maximum
predicted probability for each pixel. Uncertainty values were calculated as:

[Uncertainty = 1 − \max(P_i)] (6)

where (P_i) represents the predicted probability of class membership. Lower uncertainty values
indicate higher confidence in the classification results, whereas higher uncertainty values reflect
greater ambiguity, spectral overlap, or mixed-pixel conditions.

4. Results and Analysis
In this study, spectral datasets consisting of six ASTER SWIR bands sensitive to Al–OH and

Mg–OH hydrothermal alteration minerals were used as input features for machine learning classifi-
cation. To reduce scale-related effects among spectral bands, all variables were standardized using
Z-score normalization (StandardScaler). Because the spectral behavior of Al–OH and Mg–OH mineral
groups may exhibit both linear and nonlinear separability within the ASTER SWIR feature space,
a wide range of supervised machine learning algorithms, including linear, nonlinear, tree-based,
ensemble, and neural-network classifiers, were implemented and comparatively evaluated. To reduce
the effects of spatial autocorrelation and improve the reliability of model evaluation, the dataset was
divided into spatially independent training and test subsets based on spatial coordinates. Pixels
located on one side of the study area were used for training, whereas spatially separated pixels were
used for testing. In addition, GroupKFold spatial cross-validation was applied during model evalua-
tion using spatial blocks generated from pixel coordinate. The performance of the machine learning
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models was evaluated using multiple statistical metrics, including overall accuracy (OA), average
accuracy (AA), precision, recall, F1-score, Cohen’s kappa coefficient, AUC, spatial cross-validation
accuracy (CV_Accuracy), and uncertainty analysis. The optimized hyperparameters adopted for the
different machine learning algorithms are summarized in Table 2.

Table 2. Selected hyperparameters used for different machine learning algorithms.

Model Hyperparameters

Logistic Regression (LR) max_iter = 1000

SVM Linear kernel = linear, probability = True

SVM RBF kernel = rbf, probability = True

Decision Tree (DT) max_depth = 10, random_state = 42

Random Forest (RF) n_estimators = 200, max_depth = 10,
random_state = 42

Extra Trees (ET) n_estimators = 200, max_depth = 10,
random_state = 42

Bagging random_state = 42

AdaBoost random_state = 42

Gradient Boosting (GBC) random_state = 42

HistGradientBoosting (HGB) random_state = 42

KNN n_neighbors = 5

Gaussian Naive Bayes (GNB) Default parameters

Linear Discriminant Analysis (LDA) Default parameters

Quadratic Discriminant Analysis (QDA) Default parameters

SGD Classifier max_iter = 1000, tol = 1 × 10−3,
random_state = 42

MLP hidden_layer_sizes = (50,50), alpha = 0.01,
max_iter = 500, random_state = 42

XGBoost
max_depth = 6, learning_rate = 0.05,

n_estimators = 200, eval_metric =
mlogloss

LightGBM Default parameters

CatBoost verbose = 0

4.1. Spectral Features of Alteration Minerals

Al–OH-bearing minerals such as kaolinite, illite, smectite, and montmorillonite exhibit a charac-
teristic absorption maximum near 2.20 µm [96] (Figure 9A). Accordingly, these phases, collectively
representing an argillic alteration assemblage, were grouped as the Al–OH mineral class. Chlorite
and epidote were assigned to the Mg–OH mineral group, which, together with calcite, displays a
prominent absorption feature around 2.35 µm typical of propylitic alteration [97] (Figure 9B,C). A
comparative view of the spectral characteristics of the Al–OH and Mg–OH groups is provided in
Figure 9D.
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Figure 9. The correspondence between ASTER SWIR spectra and reference spectra from the USGS
library for key alteration minerals. (A) compares the Al–OH mineral group spectra derived from
ASTER data with USGS spectra for montmorillonite, kaolinite, smectite, and illite. (B) presents an
analogous comparison for the Mg–OH mineral group, showing ASTER-derived spectra against USGS
reference spectra for epidote and chlorite. (C) compares the ASTER SWIR spectrum of calcite with
the USGS calcite reference spectrum. (D) summarizes the diagnostic spectral features by juxtaposing
the Al–OH and Mg–OH group spectra.

4.2. Comparison of Machine Learning Results

The classification results obtained from the evaluated machine learning algorithms demon-
strated varying levels of performance in discriminating hydrothermal alteration zones using ASTER
SWIR data. Among the tested models, SVM_Linear achieved the highest classification performance
with an overall accuracy (OA) of 94.50%, average accuracy (AA) of 87.00%, kappa coefficient of 0.8764,
and AUC value of 0.9917 (Table 3). SVM_RBF and LDA also showed very strong performance, with
OA values of 94.31% and 94.37%, respectively. The MLP classifier produced similarly high results,
achieving an OA of 94.05% and a kappa coefficient of 0.8655. Ensemble-based models including Ran-
dom Forest, Gradient Boosting, HistGradientBoosting, XGBoost, LightGBM, and CatBoost yielded
acceptable accuracies ranging between approximately 89% and 92%. Among these methods, Light-
GBM showed the highest performance with an OA of 91.56%. In contrast, AdaBoost and Gaussian
Naive Bayes exhibited substantially lower classification performance. AdaBoost produced an OA
of 46.71%, while GaussianNB yielded the lowest OA value of 38.68%, indicating limited capability
in separating the hydrothermal alteration classes within the ASTER SWIR feature space. The spa-
tial cross-validation results remained generally high for the majority of models, with SVM_Linear,
MLP, and LDA producing cross-validation accuracies above 97%, suggesting relatively stable model
behavior under spatial validation conditions. The uncertainty analysis demonstrated that the highest-
performing models also exhibited low uncertainty values. SVM_Linear produced one of the lowest
mean uncertainty values (0.0128), followed by MLP (0.0081), LDA (0.0137), and SVM_RBF (0.0154),
indicating high confidence in the classification outputs. Spatial agreement analysis between the
selected high-performing models revealed very strong consistency in the generated hydrothermal
alteration maps. The agreement between SVM_Linear and SVM_RBF reached 99.59% with a kappa
agreement value of 0.9902, while the agreement between SVM_Linear and MLP reached 99.53%.
Similarly, the agreement between MLP and LDA exceeded 98.95%, indicating highly similar spatial
distributions among the best-performing classifiers (Table 4).
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Table 3. Performance comparison of supervised machine learning models for hydrothermal alteration
mapping based on ASTER SWIR imagery.

Model OA AA Kappa F1 Precision Recall AUC CV_Accuracy Uncertainty

LR 0.9328 0.8419 0.8469 0.9244 0.9386 0.9328 0.9571 0.9799 0.0195
SVM_Linear 0.945 0.87 0.8764 0.9394 0.949 0.945 0.9917 0.9911 0.0128
SVM_RBF 0.9431 0.8661 0.872 0.9372 0.9473 0.9431 0.9958 0.981 0.0154

DT 0.8658 0.8357 0.7303 0.8668 0.8722 0.8658 0.8889 0.9547 0.0015
RF 0.8923 0.8347 0.7761 0.8889 0.8959 0.8923 0.9663 0.9647 0.1098
ET 0.8741 0.815 0.7472 0.8756 0.9033 0.8741 0.9347 0.9544 0.2491

Bagging 0.9086 0.8753 0.8116 0.9077 0.9101 0.9086 0.9492 0.9603 0.0714
AdaBoost 0.4671 0.6648 0.2752 0.4681 0.7759 0.4671 0.8596 0.8133 0.6429

GBC 0.8999 0.8449 0.7909 0.8973 0.903 0.8999 0.9705 0.957 0.0491
HGB 0.9051 0.8403 0.7979 0.9002 0.9089 0.9051 0.9773 0.9657 0.022
KNN 0.9258 0.8458 0.835 0.9192 0.9271 0.9258 0.9051 0.9709 0.0109
GNB 0.3868 0.5435 0.1719 0.3927 0.6771 0.3868 0.6546 0.6164 0.089
LDA 0.9437 0.8727 0.8743 0.9387 0.9456 0.9437 0.9356 0.9775 0.0137
QDA 0.9173 0.8242 0.8204 0.9082 0.9291 0.9173 0.9622 0.9712 0.0112
SGD 0.9272 0.8291 0.8336 0.9164 0.9329 0.9272 0.9715
MLP 0.9405 0.8594 0.8655 0.9338 0.9452 0.9405 0.9638 0.9854 0.0081

XGBoost 0.9001 0.8357 0.7883 0.8953 0.8997 0.9001 0.9746 0.9622 0.0321
LightGBM 0.9156 0.8375 0.8146 0.9086 0.9143 0.9156 0.975 0.9647 0.0185
CatBoost 0.9069 0.8425 0.8024 0.9021 0.9059 0.9069 0.9738 0.9689 0.0386

Table 4. Spatial consistency comparison among selected machine learning classifiers using agreement
percentage and kappa agreement metrics for hydrothermal alteration classification.

Model_1 Model_2 Agreement_% Kappa_Agreement

SVM_Linear SVM_RBF 99.5982 0.9902
SVM_Linear MLP 99.5337 0.9885
SVM_Linear LDA 99.0078 0.9759
SVM_Linear RF 91.8593 0.8188
SVM_Linear XGBoost 92.6977 0.8337

SVM_RBF MLP 99.5287 0.9884
SVM_RBF LDA 99.0277 0.9764
SVM_RBF RF 92.0032 0.8218
SVM_RBF XGBoost 92.9457 0.8390

MLP LDA 98.9533 0.9744
MLP RF 91.8692 0.8180
MLP XGBoost 92.7969 0.8349
LDA RF 91.8494 0.8197
LDA XGBoost 92.5886 0.8323
RF XGBoost 96.8152 0.9328

4.3. Confusion Matrix Analysis

The confusion matrices of the machine learning classifiers (Figure 10) indicate that the majority
of pixels belonging to the background, Al–OH, and Mg–OH classes were correctly classified. The
highest-performing models, particularly SVM_Linear, SVM_RBF, MLP, and LDA, showed strong
diagonal dominance in the confusion matrices, reflecting high classification accuracy and reliable
separation of hydrothermal alteration classes. Misclassification errors were mainly concentrated
between the Al–OH and Mg–OH classes, which is expected due to partial spectral overlap and transi-
tional hydrothermal alteration boundaries within the ASTER SWIR spectral range. The confusion
matrices also demonstrate that the background class was generally identified with high accuracy by
most classifiers, whereas some confusion occurred between alteration classes in models with lower
overall performance. Ensemble tree-based models such as RF, XGBoost, and LightGBM produced rel-
atively balanced classification results with moderate confusion between alteration zones. In contrast,
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AdaBoost and GaussianNB exhibited substantially higher off-diagonal values, indicating weaker
discrimination capability and less reliable class separation.

Figure 10. Confusion matrices of the classified pixels for the Mg–OH, Al–OH mineral groups, and
background obtained using the different machine learning algorithms.

4.4. Final Classified Mineral Maps

The final classified mineral maps produced by the machine learning models reveal the spatial
distribution of Al–OH and Mg–OH hydrothermal alteration minerals across the study area (Figure 11).
The high-performing classifiers, particularly SVM_Linear, SVM_RBF, MLP, and LDA, generated
spatially coherent alteration patterns with relatively low noise and clear discrimination between
alteration zones and background areas. The classified maps show that Al–OH-rich zones are mainly
concentrated within structurally controlled central alteration regions, whereas Mg–OH minerals
are more widely distributed around the peripheral parts of the hydrothermal system. The spatial
patterns identified by the different high-performing models are highly consistent with each other, as
confirmed by the spatial agreement analysis. In contrast, lower-performing models such as AdaBoost
and GaussianNB produced noisier and less geologically coherent classification patterns. Transitional
boundaries between Al–OH and Mg–OH zones are locally observed, reflecting gradual mineralogical
variations and mixed spectral responses within hydrothermal alteration systems.
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Figure 11. Final classified mineral maps produced by the different machine learning algorithms, show-
ing the spatial distribution of the Mg–OH and Al–OH mineral groups derived from the AST_07XT
data; Al–OH minerals are mapped as red pixels, and Mg–OH minerals as green pixels.

4.5. Uncertainty Analysis

Uncertainty values were calculated from the class probability outputs of the machine learning
classifiers. Lower uncertainty values indicate higher confidence in the classification results, whereas
higher values represent lower classification confidence. Among the evaluated models, SVM_Linear,
SVM_RBF, MLP, and LDA produced the lowest uncertainty values, indicating stable classification
performance for distinguishing Al–OH and Mg–OH alteration minerals. In contrast, AdaBoost and
Gaussian NB showed relatively higher uncertainty values. The uncertainty map (Figure 12) shows that
low uncertainty values are mainly concentrated within the major hydrothermal alteration zones, while
higher uncertainty values occur mostly along transitional boundaries and spectrally heterogeneous
regions. These areas are likely associated with mixed pixels and gradual mineralogical variations.
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Figure 12. Full-image uncertainty map generated using the SVM Linear classifier for hydrothermal
alteration mapping based on ASTER SWIR data. Dark regions represent low uncertainty and high
classification confidence, whereas bright red to yellow areas indicate higher uncertainty associated
with transitional zones, spectral mixing, and complex hydrothermal alteration boundaries.

4.6. Fieldwork, Petrography, and XRD Analysis

Representative photomicrographs of the main alteration assemblages are shown in
Figures 13 and 14. Field investigations (Figure 13) were conducted to validate the hydrothermal
alteration zones identified from ASTER SWIR imagery and machine learning classification results.
Field observations confirmed the occurrence of argillic and propylitic alteration assemblages within
the study area. Argillic alteration zones are characterized by light-colored altered rocks and clay-
rich surfaces (Figure 13 C,E,F), whereas propylitic alteration is represented by greenish alteration
associated with chlorite–epidote assemblages (Figure 13A,B,D). Several quartz–calcite veins and
hydrothermal vein systems were also observed in the field (Figure 13B,G), indicating structurally
controlled hydrothermal fluid circulation. In addition, evidence of sulfide mineralization, includ-
ing chalcopyrite associated with quartz veins and iron oxides, was identified in hand specimens
(Figure 13H). These mineral assemblages are consistent with hydrothermal systems commonly as-
sociated with porphyry-style mineralization. Field observations further showed strong spatial
correspondence with the alteration zones mapped from ASTER SWIR data, particularly within areas
classified as Al–OH and Mg–OH mineral assemblages. Petrographic studies indicate that argillic and
phyllic alteration developed mainly through the replacement of plagioclase by clay minerals and
sericite in andesitic and dacitic–rhyodacitic rocks (Figure 14A–C). Propylitic alteration is widespread
in basaltic–andesitic, granodioritic, and andesitic host rocks and is characterized by secondary miner-
als of chlorite, epidote, and calcite (Figure 14 E,G–I). In addition, the main mineralized vein at the
Kahyaz epithermal prospect is composed predominantly of quartz, chalcedony, adularia, and calcite
(Figure 14F), which are typical constituents of low-sulfidation epithermal vein systems.
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Figure 13. Field photographs of different alteration types. (A) Outcrop of argillic and propylitic
alteration in the Zafarghand porphyry copper prospect (view toward the NE). (B) Argillic and propy-
litic alterations developed in the dacitic–rhyodacitic and basaltic-andesitic rocks, respectively, and
their relationship to a quartz–calcite vein in the Kahyaz epithermal gold prospect (view toward
the SW). (C) Close-up view of argillic alteration in the Kahyaz prospect. (D) Extensive propy-
litic alteration outcrop and its marginal position relative to the centrally located argillic alteration
zone. (E,F) views of the clay pit mine face (view toward the NE). (G) Hand specimen of a quartz–
calcite vein from the Kahyaz prospect, showing well-developed colloform and crustiform textures.
(H) Hand specimen of granodiorite composed of quartz and feldspar from the Zafarghand porphyry
copper prospect, in which quartz veinlets, chalcopyrite, and iron oxides are visible.
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Figure 14. Photomicrographs (under plane-polarized light (PPL) and cross-polarized light (XPL))
showing different hydrothermal alteration types in the study area. (A) Andesitic sample from the
Kahyaz prospect, where plagioclase has been altered to clay minerals. (B) Rhyodacitic sample
with argillic alteration from the Kahyaz prospect; plagioclase and quartz occur within a clay-rich
matrix. (C) Dacitic sample from the Kahyaz prospect, showing sericitization of plagioclase. Most
plagioclase crystals have been replaced by sericite as a result of phyllic alteration. (D) Basaltic-
andesite sample from the Kahyaz prospect with intense propylithic alteration; plagioclase has been
replaced by calcite, while chlorite has formed through alteration of mafic minerals (pyroxene).
(E) Microdiorite sample from the Kahyaz prospect; plagioclase is completely altered to calcite, and
chlorite has developed as an alteration product of pyroxene. (F) Quartz vein sample from the Kahyaz
prospect; quartz, chalcedony, adularia, and calcite constitute the main minerals of the mineralized vein.
(G) Granodiorite sample from the Zafarghand deposit; plagioclase and quartz are the dominant
primary minerals. Orthopyroxene has been altered to chlorite. (H) Granodiorite sample from
the Zafarghand deposit; chlorite has replaced actinolite. (I) Andesitic sample from the Zafarg-
hand deposit; plagioclase has been altered to epidote. The images were acquired under cross-
polarized light (XPL) conditions. Abbreviations: Py = pyrite; Pl = plagioclase; Clay min. = clay
mineral; Qz = quartz; Cal = calcite; Ser = sericite; Chl = chlorite; Ad = adularia; Ccd = chalcedony;
Opx = orthopyroxene; Act = actinolite; Ep = epidote.
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Petrographic investigations (Figure 14) and XRD analyses (Figure 15) further confirmed the
presence of hydrothermal minerals, including illite, muscovite, montmorillonite, chlorite, and epidote.
XRD analyses (Figure 15) of representative alteration samples indicate that the phyllic alteration zone
is characterized primarily by illite, muscovite, and paragonite. In contrast, the argillic alteration
zone is dominated by illite–montmorillonite, accompanied by faujasite, gypsum, and calcite. These
mineral assemblages are consistent with the hydrothermal alteration patterns identified from ASTER
SWIR data (Figure 15).

Figure 15. X-ray diffraction (XRD) patterns of representative hydrothermal alteration samples.
(A) Phyllic alteration assemblage dominated by illite and muscovite. (B) Argillic alteration assemblage
containing illite–montmorillonite with associated gypsum, calcite, and faujasite. (C) Argillic alteration
assemblage characterized by illite–montmorillonite, gypsum, paragonite, and faujasite.

5. Discussion
In porphyry copper systems, hydrothermal alteration and mineralization exhibit both vertical

and lateral zoning around intrusive bodies. The location and geometry of porphyry copper systems
are commonly controlled by faults and fault intersections. There is a close spatial, genetic, and
temporal relationship between porphyry copper systems and intrusive bodies [98]. Porphyry copper
deposits are typically located within the central parts of intrusive bodies, which commonly occur as
stocks, dikes, and small irregular intrusions [98]. Typical porphyry copper deposits are characterized
by a central potassic alteration core composed mainly of biotite and K-feldspar. Outward from the
intrusive mass center, the alteration zones gradually transition into phyllic alteration zones contain-
ing illite–muscovite (sericite), argillic alteration zones characterized by diagnostic minerals such
as kaolinite and alunite, and finally marginal propylitic alteration zones containing characteristic
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minerals including epidote, chlorite, and carbonate minerals [44]. Typical alteration zones of the
porphyry copper deposits show in Figure 1. Porphyry copper deposits usually exhibit an elliptical
pattern of phyllic and argillic alteration zones, which are concentrically distributed as halos surround-
ing intrusive bodies, whereas hydrothermal alteration pattern related to the epithermal deposits
is linear [97]. In the epithermal deposits, hydrothermal alteration zones are commonly developed
around fluid pathways and mineralized zones, progressing outward from central silicic alteration
assemblages toward argillic and propylitic alteration zones [55].

This study utilized the ASTER AST_07XT SWIR surface reflectance product (1–2.5 µm) to detect
hydrothermal alteration minerals characterized by diagnostic absorption features associated with
hydroxyl-bearing Mg–OH and Al–OH groups. The integration of MNF transformation, PPI extraction,
and n-D visualization enabled the identification of representative spectral pixels corresponding to
key alteration minerals. The detected minerals, including kaolinite, alunite, illite, muscovite, chlorite,
epidote, and calcite, are typical indicators of argillic, phyllic, and propylitic alteration zones commonly
associated with hydrothermal systems. The mapped alteration assemblages show strong spatial
correspondence with known mineralized areas in the central part of the Urumieh–Dokhtar Magmatic
Arc (UDMA), demonstrating the effectiveness of combining ASTER SWIR data with machine learning
approaches for regional-scale hydrothermal alteration mapping.

A wide range of supervised machine learning algorithms was applied to classify the alteration
minerals. The comparative analysis of machine learning algorithms demonstrated that several models
achieved high classification performance for hydrothermal alteration mapping using ASTER SWIR
data. Among all tested models, the SVM_Linear classifier produced the best overall performance,
with an overall accuracy (OA) of 94.50%, kappa coefficient of 0.8764, and AUC value of 0.9917. The
uncertainty map generated from this model also showed generally low uncertainty values over
most alteration zones, indicating high model confidence in the classification results. The SVM_RBF
and MLP models also exhibited very strong performance, with OA values of 94.31% and 94.05%,
respectively. These models produced spatially coherent alteration patterns that were highly consis-
tent with the SVM_Linear results. The spatial agreement analysis confirmed this similarity, where
the agreement between SVM_Linear and SVM_RBF reached 99.59% with a kappa agreement of
0.9902, indicating nearly identical spatial predictions. LDA also showed competitive performance
(OA = 94.37%), suggesting that the spectral separation between alteration classes is relatively strong
within the selected ASTER SWIR feature space. In contrast, ensemble tree-based methods such as
Random Forest, Extra Trees, Gradient Boosting, HistGradientBoosting, XGBoost, LightGBM, and
CatBoost produced slightly lower accuracies, although they still achieved acceptable classification
results and generated spatial patterns generally consistent with the high-performing models. Decision
Tree and QDA showed moderate performance, while AdaBoost and Gaussian Naive Bayes produced
significantly lower accuracies and less reliable spatial distributions. GaussianNB generated noisy
classification patterns likely due to its assumption of feature independence and sensitivity to overlap-
ping spectral distributions. The uncertainty analysis further demonstrated that the best-performing
models exhibited low uncertainty values, especially SVM_Linear, SVM_RBF, MLP, and LDA. These
results suggest that the selected training samples and spectral signatures were sufficiently representa-
tive for distinguishing the Al–OH and Mg–OH hydrothermal alteration groups. Spatial agreement
analysis between the selected models revealed very high consistency among SVM_Linear, SVM_RBF,
MLP, and LDA, with agreement values generally exceeding 98%. This strong spatial consistency
increases confidence in the robustness of the mapped hydrothermal alteration zones. Overall, the
results indicate that kernel-based classifiers and neural-network-based approaches are particularly
effective for hydrothermal alteration mapping using ASTER SWIR imagery, while simpler statistical
classifiers showed weaker performance in handling spectral complexity and mixed pixels.

Although several machine learning algorithms achieved high classification accuracies, each
method has inherent methodological limitations. Linear classifiers such as LDA may be less effective
when alteration classes exhibit nonlinear spectral boundaries. Nonlinear approaches such as SVM
and MLP generally provide greater flexibility but are more sensitive to hyperparameter selection and
computational complexity. Tree-based ensemble methods, including RF, ET, and boosting algorithms,
are robust to noisy data but may still be affected by spatial autocorrelation and class imbalance.
Furthermore, all classifiers remain constrained by the spectral and spatial resolution of ASTER SWIR
imagery, which may reduce separability between spectrally similar hydrothermal minerals.
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The alteration mineral assemblages identified in this study are consistent with well-established
hydrothermal alteration zoning models around porphyry copper deposits. Illite and muscovite are
typically associated with phyllic alteration zones, whereas kaolinite and montmorillonite characterize
argillic alteration environments. In contrast, chlorite, epidote, and carbonate minerals are represen-
tative of propylitic alteration zones located at the outer parts of hydrothermal systems [96]. These
mineral groups display diagnostic absorption features in the SWIR region that can be effectively
detected using ASTER imagery. Illite and muscovite exhibit an absorption feature near 2.205 µm,
corresponding to ASTER band 6, while kaolinite shows a doublet absorption near 2.165 and 2.205 µm
that is partially captured by ASTER bands 5 and 6. Similarly, chlorite, epidote, and carbonate minerals
display a prominent absorption around 2.33 µm, coinciding with ASTER band 8.

Field observations, petrographic studies, and XRD analyses further confirmed the occurrence
of the detected hydrothermal alteration minerals within the mapped zones. These independent
geological validations increase confidence in the remote sensing and machine learning results and
support the reliability of the interpreted hydrothermal alteration patterns.

In addition, transitional boundaries between hydrothermal alteration zones and the presence
of mixed pixels may increase spectral ambiguity and classification uncertainty, particularly in areas
characterized by gradual mineralogical variations. The uncertainty analysis performed in this study
demonstrated that the majority of pixels exhibit low uncertainty values, whereas higher uncertainty
values are mainly concentrated in transitional and spectrally heterogeneous regions. This behavior is
consistent with the expected spectral complexity of hydrothermal systems. To reduce the effects of
spatial autocorrelation and possible overfitting, a spatially independent validation strategy based on
GroupKFold spatial cross-validation was implemented during model evaluation. Potassic alteration
zones were not specifically mapped in this study because ASTER SWIR bands are less sensitive to the
diagnostic spectral characteristics of potassic minerals such as K-feldspar and biotite. The spectral
response of these minerals is generally weaker in the SWIR region compared to Al–OH and Mg–OH
alteration minerals. Therefore, the present study mainly focused on alteration assemblages that can
be reliably detected using ASTER SWIR data.

Another factor that may influence the interpretation of hydrothermal alteration patterns is
the effect of supergene alteration and weathering processes. Oxidation of sulfide minerals and the
formation of secondary iron oxides, hydroxides, and clay minerals can locally modify the original
hydrothermal mineral assemblages and their spectral responses. Consequently, some spectral signa-
tures detected from ASTER SWIR imagery may represent a combination of primary hydrothermal
alteration and secondary supergene processes. Although field observations, petrographic studies,
and XRD analyses support the overall interpretation of the mapped alteration zones, the potential
influence of supergene alteration should be considered when interpreting alteration boundaries and
mineral distributions.

The spatial distribution of Mg–OH and Al–OH minerals mapped in this study provides valuable
insights into the hydrothermal alteration system associated with mineralization in the study area.
Al–OH minerals, including illite, muscovite, and kaolinite, are typically concentrated in phyllic
and argillic alteration zones that commonly occur near the central parts of porphyry systems. In
contrast, Mg–OH minerals such as chlorite and epidote generally characterize propylitic alteration
zones that develop in the outer portions of hydrothermal systems. The alteration patterns detected
in this study show spatial agreement with known mineral occurrences such as the Zafarghand and
Kahang porphyry copper deposits and nearby prospects, including Kahyaz, as well as the Khak and
Jahan industrial mineral mines. This spatial relationship highlights the exploration significance of
the mapped alteration halos and suggests that additional mineralized zones may occur within areas
exhibiting similar spectral signatures.

Despite the promising results, some limitations should be considered. One challenge is the
limited spectral capability of ASTER for distinguishing between argillic and phyllic alteration zones.
Illite–muscovite (phyllic) and kaolinite (argillic) minerals share similar absorption characteristics near
2.2 µm, and the lack of a dedicated ASTER band exactly matching the 2.165 µm absorption feature
reduces the ability to separate these alteration types precisely. Consequently, kaolinite-bearing argillic
zones may be grouped with other Al–OH minerals in the classification results. Although several
classifiers achieved high classification accuracies, these results should be interpreted considering
the limitations of ASTER SWIR imagery. Spectral overlap among hydrothermal minerals, mixed-
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pixel effects, and spatial autocorrelation may influence classification performance. Consequently,
uncertainty analysis, independent testing, and geological validation were incorporated to provide a
more realistic assessment of model reliability.

Potassic alteration was not considered in this study for several reasons. First, potassic alteration
zones are commonly poorly exposed at the surface [46]. Second, biotite, one of the key indicator
minerals of potassic alteration, exhibits spectral features near 2.32 µm that overlap with those of
chlorite, phlogopite, and carbonate minerals in ASTER SWIR data [99]. Furthermore, K-feldspar,
another diagnostic mineral of potassic alteration, is also a common constituent of felsic igneous
rocks [68], and ASTER SWIR bands do not provide sufficient spectral resolution to discriminate
hydrothermal K-feldspar from primary magmatic K-feldspar. Therefore, the present study focused
on Al–OH and Mg–OH alteration minerals that can be more reliably identified using ASTER SWIR
imagery. Hyperspectral satellite sensors such as PRISMA, which provide finer spectral resolution and
dense band coverage in the 2.1–2.3 µm region, offer improved potential for accurately distinguishing
argillic and phyllic alteration zones in future studies. Since quartz (including opal and chalcedony),
the dominant gangue mineral in many low-sulfidation epithermal gold veins, lacks diagnostic
absorption features in the ASTER SWIR region [96,100,101], its direct detection using SWIR data is
limited. In contrast, quartz exhibits distinctive spectral characteristics in the ASTER thermal infrared
(TIR) bands [68]. Consequently, ASTER TIR imagery may provide a more effective approach for
identifying and mapping epithermal quartz veins.

Integrating ASTER SWIR data with supervised machine learning algorithms provides a robust
and efficient framework for mapping hydrothermal alteration zones. The strong spatial correspon-
dence observed between the classified Mg–OH and Al–OH mineral maps and known mineralized
districts underscores the exploration potential of this workflow at regional scales. Because ASTER
datasets are globally available through NASA’s LP DAAC and related archives, the methodology
developed here can be readily transferred to other segments of the Urumieh–Dokhtar Magmatic Arc,
as well as to analogous porphyry–epithermal belts worldwide.

6. Conclusions
This study demonstrated the effectiveness of integrating ASTER SWIR data with supervised

machine learning algorithms for hydrothermal alteration mineral mapping in the central part of
the Urumieh–Dokhtar Magmatic Arc (UDMA), Iran. The ASTER AST_07XT surface reflectance
product was successfully used to detect diagnostic spectral absorption features associated with
hydroxyl-bearing Mg–OH and Al–OH mineral groups within the 2.0–2.4 µm wavelength region.
Image processing techniques, including Minimum Noise Fraction (MNF), Pixel Purity Index (PPI),
and n-dimensional visualization, enabled the extraction of representative spectral endmembers corre-
sponding to key hydrothermal alteration minerals such as kaolinite, alunite, illite, muscovite, chlorite,
epidote, and calcite. A wide range of supervised machine learning algorithms was evaluated for
hydrothermal alteration classification. Among the tested classifiers, SVM_Linear, SVM_RBF, LDA,
and MLP achieved the highest classification performance, with overall accuracies exceeding 94% and
very high spatial agreement between classified maps. The uncertainty analysis further demonstrated
that these models produced generally low uncertainty values, indicating high confidence in the
classification results. In contrast, simpler statistical models such as GaussianNB and AdaBoost
showed substantially lower classification performance and less reliable spatial distributions. The final
classified mineral maps reveal spatial patterns that are consistent with well-established hydrother-
mal alteration zoning models typical of porphyry–epithermal systems. Al–OH alteration zones
are mainly concentrated within central hydrothermal regions, whereas Mg–OH minerals are more
widely distributed around peripheral propylitic zones. The mapped alteration halos show strong
spatial correspondence with known mineralized districts, including the Kahang and Zafarghand
porphyry copper deposits and nearby mineral prospects, highlighting the exploration significance
of the detected hydrothermal alteration patterns. Although ASTER SWIR imagery provides strong
capabilities for regional-scale hydrothermal alteration mapping, its relatively limited spectral reso-
lution restricts the precise discrimination of closely related argillic and phyllic alteration minerals.
Future studies integrating hyperspectral satellite datasets such as PRISMA, together with detailed
field investigations, laboratory spectroscopy, petrographic studies, and XRD analyses, are expected to
improve mineralogical discrimination and exploration targeting accuracy. Overall, the results confirm
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that the integration of ASTER SWIR data with supervised machine learning algorithms provides
a reliable, scalable, and transferable framework for hydrothermal alteration mapping and mineral
exploration in magmatic arc environments.
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