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Abstract: Mineral resources, particularly copper, are crucial for the sustained economic
growth of developing countries like Kazakhstan. Over the past four decades, the diversity
and importance of critical minerals for high technology and environmental applications
have increased dramatically. Today, copper is a critical metal due to its importance in
electrification. Porphyry deposits are important sources of copper and other critical metals.
Conventional exploration methods for mapping alteration zones as indicators of high-
potential zones in porphyry deposits are often associated with increased cost, time and
environmental concerns. Remote sensing imagery is a cutting-edge technology for the
exploration of minerals at low cost and in short timeframes and without environmen-
tal damage. Kazakhstan hosts several large porphyry copper deposits, such as Aktogay,
Aidarly, Bozshakol and Koksai, and has great potential for the discovery of new resources.
However, the potential of these porphyry deposits has not yet been fully discovered using
remote sensing technology. In this study, a remote sensing-based mineral exploration ap-
proach was developed to delineate hydrothermal alteration zones associated with Aktogay
porphyry copper mineralization in eastern Kazakhstan using Landsat-8 and ASTER satellite
sensors. A comprehensive suite of image processing techniques was used to analyze the
two remote sensing datasets, including specialized band ratios (BRs), principal component
analysis (PCA) and the Crosta method. The remote sensing results were validated against
field data, including the spatial distribution of geological lineaments and petrographic
analysis of the collected rock samples of alteration zones and ore mineralization. The
results show that the ASTER data, especially when analyzed with specialized BRs and the
Crosta method, effectively identified the main hydrothermal alteration zones, including
potassic, propylitic, argillic and iron oxide zones, as indicators of potential zones of ore
mineralization. The spatial orientation of these alteration zones with high lineament density
supports their association with underlying mineralized zones and the spatial location of
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high-potential zones. This study highlights the high applicability of the remote sensing-
based mineral exploration approach compared to traditional techniques and provides a
rapid, cost-effective tool for early-stage exploration of porphyry copper systems in Kaza-
khstan. The results provide a solid framework for future detailed geological, geochemical
and geophysical studies aimed at resource development of the Aktogay porphyry copper
mineralization in eastern Kazakhstan. The results of this study underpin the effectiveness of
remote sensing data for mineral exploration in geologically complex regions where limited
geological information is available and provide a scalable approach for other developing
countries worldwide.

Keywords: porphyry copper exploration; alteration mapping; Landsat-8; ASTER; Aktogay
porphyry copper mineralization; Kazakhstan

1. Introduction
The economic development of a country depends largely on its mineral resources.

Society’s increasing demand for minerals due to exponential population growth and
industrialization makes it necessary to replenish dwindling reserves by searching for
new ore deposits. Remote sensing technology can bring new impetus and cutting-edge
technology to mineral exploration and identification of ore mineralization zones, especially
in challenging environments and complex geological settings where conventional methods
may have limited applications [1–7]. By using sophisticated sensor systems mounted on
satellites or airplanes, data can be collected from large areas [8–14]. Therefore, a systematic
mineral exploration program that uses remote sensing technology is necessary for the
steady growth of developing countries. Porphyry deposits are key sources of valuable
metals, such as copper (Cu), molybdenum (Mo), gold (Au), silver (Ag), tin (Sn), and critical
metals (as by-products), such as rhenium (Re), tungsten (W), indium (In), platinum (Pt),
palladium (Pd) and selenium (Se). Their undeniable economic importance lies in their
role as key suppliers of strategic raw materials for a variety of industries and modern
technologies [15–19].

Landsat-8 and Advanced Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) multispectral satellite sensors have been widely used for mapping hydrother-
mal alteration minerals and zones associated with porphyry copper deposits around the
world [20–22]. The spectral capabilities of these sensors aid in the mapping of hydrothermal
alteration minerals and zones associated with porphyry copper deposits, particularly in the
detection of gossan, silica, phyllic, argillic, potassic and propylitic alteration zones [9,23–29].
By utilizing the strengths of these two multispectral sensors, the limitations of the individ-
ual datasets can be easily overcome, and more robust results can be obtained.

The complex interplay of magmatism, hydrothermal activity and sedimentation in
Kazakhstan has created a geodynamically active environment that favors the formation
of a large number of copper deposits [30–35]. Kazakhstan’s copper reserves are estimated
at around 40 million tons, 82% of which are mainly located in the eastern and central re-
gions [31]. Copper resources in Kazakhstan are primarily found in two geological settings:
sandstone-hosted stratiform copper mineralization and porphyry copper deposits. The
most significant deposit of sandstone-hosted stratiform copper is located in Zhezkazgan,
central Kazakhstan [36]. Porphyry copper deposits are mostly distributed in east Kaza-
khstan, such as Aktogay, Aidarly and Kyzylkiya, which were formed by magma intrusion
and subsequent hydrothermal activity, resulting in a concentration of copper in the form
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of chalcopyrite and bornite and associated with hydrothermal alteration minerals and
zones [37].

The Aktogay deposit in eastern Kazakhstan is a significant source of porphyry copper
mineralization [30,38]. Stratiform copper deposits account for the primary commercial
value of Kazakhstan’s copper mining and the rest of the reserves, making up 51.0% of the
total explored reserves. Porphyry copper deposits also occupy a significant position with
26.5% of the reserves, followed by chalcopyrite zones with 14.5%, veined quartz sulfide
zones (6.8%) and skarn zones (1.1%), which play a subordinate role in the total copper
reserves [30].

Despite the extensive global experience in the application of remote sensing technology
for porphyry copper exploration [39–45], there is a lack of utilization of remote sensing
imagery for porphyry copper deposits in Kazakhstan. The country hosts several large
porphyry copper deposits (e.g., Aktogay, Aidarly, Bozshakol and Koksai). However, the
potential of these deposits has not yet been fully discovered. Accurate mapping of the
hydrothermal minerals and zones associated with this porphyry copper deposit remains
a major challenge due to the intricate structures and complex geological features in this
region. The heterogeneity of the ore-bearing rocks combined with the different sedimentary
conditions and tectonic influences make geological mapping and conventional exploration
techniques difficult. In order to optimize the exploration of porphyry copper deposits in
Kazakhstan, comprehensive and systematic remote sensing studies are essential. Such
studies will not only enable efficient mining of the resources, but also significantly improve
the geological understanding of the region. The present study aimed to address this gap by
adapting and applying spectral analysis to Landsat-8 and ASTER data to map the potassic,
propylitic and argillic hydrothermal zones via indicator minerals such as quartz, orthoclase,
calcite, chlorite, epidote, kaolinite and illite/montmorillonite associated with the Aktogay
porphyry copper deposit in eastern Kazakhstan (Figure 1a,b). The results should make an
important contribution to understanding the characteristics of porphyry copper deposits for
the exploration of new potential zones and ultimately help to provide strategic metals and
sustainable mineral exploration and mining practices for the steady growth of Kazakhstan.

2. Geological Settings of the Study Area
The Aktogay copper deposit is located in the Ayagoz district of the Abay region in

southeastern Kazakhstan, approximately 470 km northeast of Almaty, 250 km west of
the Chinese border and 22 km east of the Aktogay railroad station. The surrounding
region features gently rolling plains interspersed with low hills, with elevations typically
ranging from 300 to 500 m above sea level. The area experiences relatively low annual
precipitation, averaging around 194–196 mm per year, which is typical for its semi-arid
climate. Vegetation in the Aktogay area is sparse, dominated by grasses and shrubs with
limited tree cover, all adapted to the dry conditions and low precipitation levels [46].
Commercial production began in 2015, and the mine is expected to operate for at least
another 25 years [47,48]. Geologically, this deposit is located in the western part of the
Central Asian orogenic belt, an area characterized by intense magmatic activity. The
geological structure of the deposit consists mainly of rocks of magmatic origin, including
porphyry, volcanic and intrusive bodies [49,50].

The Aktogay copper deposit is located within the Koldar granite pluton, a large, irreg-
ularly shaped igneous intrusion formed when molten rock solidified beneath the Earth’s
surface. This pluton consists mainly of granodiorite and granite, but also contains smaller
amounts of gabbro, diorite and quartz diorite, indicating a complex history of magma
composition. Importantly, the late Carboniferous Koldar pluton intruded the Carboniferous
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Keregetas volcanic series, suggesting that copper mineralization, often associated with
magmatic activity, occurred after the formation of these volcanic rocks [51–53] (Figure 1b).

The copper mineralization in the Aktogay deposit is characterized by the occurrence
of chalcopyrite. It is hosted in stockwork veins. In addition, chalcopyrite is also found as
individual, early-formed crystals or phenocrysts embedded in the surrounding rock matrix.
This type of mineralization indicates a hydrothermal origin, where hot, mineral-rich fluids
circulated through the rock and deposited copper sulfide along fracture surfaces and within
the rock itself [47]. Mineralization in the Aktogay copper deposit occurs in the rocks of the
first intrusive phase and the volcano-sedimentary rocks of the Keregetas Formation. This
mineralization is spatially associated with small stocks and dikes of porphyritic granodior-
ites and late granodiorite porphyries. Structural influences, particularly faulting, played an
important role in the deposition of copper and associated molybdenum. Approximately
70% of the mineralization is confined to the intrusive rocks, while the remaining 30% is
found in the volcano-sedimentary rocks [47,50,54,55] (Figure 1b). In the area of the orebody,
all rocks except the late mafic dykes have been altered. The central barren core has a
siliceous zone with quartz bodies and a dense network of barren quartz veinlets, together
with a thin sericite–quartz alteration zone. This core transitions into a thick zone of early
potassic alteration (K-feldspar and biotite) surrounding the main orebody. Within the
potassic zone, there are weakly mineralized intervals with intense K-feldspar alteration and
a biotite halo. Phyllic alteration (quartz–carbonate chlorite–sericite) occurs as thin linear
zones at granodiorite–porphyry contacts and fracture zones along the flanks of the orebody.
The outermost part of the system has a large propylitic halo with epidote–amphibole and
albite–chlorite–prehnite [49]. Looking at the regional geology (Figure 1), the Koldar Massif,
which consists mainly of granitic rocks, is bounded by Quaternary sediments to the north
and west. Potassic and propylitic alteration zones are conspicuously aligned along this
contact, suggesting a genetic link to underlying faults. These structures may represent
conduits for hydrothermal fluids that have favored the formation of the observed alteration
patterns. Porphyry copper deposits are genetically linked to hydrothermal processes that
cause alteration of surrounding rocks and minerals. These hydrothermal fluids migrate
through subsurface geologic structures such as faults, fissures and fractures. Although
these structures are usually hidden below the surface, they often show up as lines in
topographic and remotely sensed images.



Minerals 2025, 15, 277 5 of 28Minerals 2025, 15, 277 5 of 29 
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III), Almaty, 1997). 
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The expanded data coverage of Landsat-8 allows for a more comprehensive analysis of 
temporal variations and trends, which are essential for understanding the long-term geo-
logical evolution of porphyry copper deposits. In addition, the combination of Landsat-8 
with ASTER data provides a synergistic advantage both spatially and spectrally. The 
higher temporal resolution of Landsat-8 allows more frequent observations, which is cru-
cial for tracking dynamic geological changes. It can detect subtle changes in surface com-
position, temperature and vegetation cover, which are often indicative of geological pro-
cesses such as erosion, landslides, volcanic activity and tectonic movements. On the other 
hand, ASTER’s strength lies in its finer spatial and spectral resolution, particularly the 
SWIR and TIR bands, making it ideal for identifying and analyzing specific mineralogical 
features and alteration zones associated with porphyry copper deposits. By integrating 
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depth of the analysis and led to a more robust interpretation of geological features and 
processes. Combining Landsat-8 and ASTER data improves hydrothermal alteration and 
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Figure 1. (a) Geographical location of the study area and surroundings regions. (b) Simplified
geological map of study area (modified from RGF Report 45219 by V. M. Mertenov (sheets L-44-I, II,
III), Almaty, 1997).

3. Materials and Methods
3.1. Characteristics of Remote Sensing Data

Given the unique geological features and geographical location of the Aktogay por-
phyry copper deposit, multispectral Landsat-8 and ASTER imagery data with minimal
cloud and vegetation interference were subjected to rigorous spectral analysis in this study.
While Landsat-9 provides more recent data, Landsat-8 was selected for this study because
it covers a broader temporal frame that better matches the timeframe of the study. The
expanded data coverage of Landsat-8 allows for a more comprehensive analysis of tempo-
ral variations and trends, which are essential for understanding the long-term geological
evolution of porphyry copper deposits. In addition, the combination of Landsat-8 with
ASTER data provides a synergistic advantage both spatially and spectrally. The higher
temporal resolution of Landsat-8 allows more frequent observations, which is crucial for
tracking dynamic geological changes. It can detect subtle changes in surface composition,
temperature and vegetation cover, which are often indicative of geological processes such as
erosion, landslides, volcanic activity and tectonic movements. On the other hand, ASTER’s
strength lies in its finer spatial and spectral resolution, particularly the SWIR and TIR
bands, making it ideal for identifying and analyzing specific mineralogical features and
alteration zones associated with porphyry copper deposits. By integrating the capabilities
of both sensors, the study gained a refined and detailed perspective that neither sensor
alone can provide. This combined methodology improved the accuracy and depth of
the analysis and led to a more robust interpretation of geological features and processes.
Combining Landsat-8 and ASTER data improves hydrothermal alteration and mineraliza-
tion mapping by leveraging their complementary spectral capabilities. Landsat-8′s SWIR
bands enhance clay and sulfate detection, while its VNIR bands refine iron oxide mapping
with higher radiometric resolution. ASTER’s detailed SWIR bands better distinguish al-
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teration minerals like kaolinite and alunite, and its multi-band TIR data improve silicate
mineral differentiation.

Figure 2 shows an overview of the workflow used in this study. To obtain the surface
reflectance values, a comprehensive preprocessing with the QUick Atmospheric Correction
(QUAC) algorithm was applied to the Landsat-8 and ASTER data. A number of image
processing techniques were used to improve spectral distinctiveness and identify areas of
potential interest: False-Color Composites (FCCs) to visually interpret the spectral varia-
tions of hydrothermal alteration zones, band ratio (BR) mathematical analysis to highlight
specific spectral features, principal component analysis (PCA) for dimensionality reduction
and noise reduction, and a combined band ratio and PCA approach to optimize feature ex-
traction. In addition, a DEM-derived hill shade was used for automatic lineament extraction
to validate the results. In this process, an azimuthal analysis was performed to determine
the orientation of surface features, followed by parametric automatic lineament extraction
to accurately identify linear features. The extracted lineaments were then subjected to a
comprehensive lineament density analysis to assess their spatial distribution and frequency.
In addition, extensive fieldwork was carried out to verify the remote sensing results over
the southern and northeastern parts of the Koldar Massif. The samples obtained were
subjected to both macroscopic and microscopic analyses. This approach made it possible to
compare the results of the remote sensing data analysis with known geological information,
thus increasing the reliability of the interpretation. Ultimately, the complementary use of
Landsat-8 and ASTER data provides a holistic view of the study area and improves the
mineral exploration and geological mapping work. Digital image processing and spectral
analysis were performed in ENVI 5.3 and PCI Geomatica 2018, while the visualization
and interpretation of the obtained results was performed in ArcGIS Pro using the geologic
basemap of the study area in combination with the geological map of the study area.

The Landsat-8 satellite was a real breakthrough in the field of space imagery. It was
launched on 4 February 2013. The spectral data from Landsat-8 are a valuable tool for
a variety of tasks in geology, forestry, agriculture, hydrology, environmental studies and
many other fields [56]. Landsat-8 is equipped with two sensors, namely, an Operational
Land Imager (OLI) and a Thermal InfraRed Sensor (TIRS). The OLI records data in nine
spectral bands (0.433–2.3 µm) covering the visible and near-infrared spectrum, with a spatial
resolution of 30 m. The TIRS operates in two bands in the thermal infrared (10.60–12.51 µm)
with a spatial resolution of 100 m [57,58]. The visible and near-infrared (VNIR) bands (1 to
5) of Landsat-8 contain the Fe3+/Fe2+ absorption features of supergene minerals such as
limonite, goethite and hematite. Anomalous limonite-rich rocks (gossan) can be specifically
mapped using Landsat-8 bands 1–5, which are a potential indicator of supergene alteration
of porphyry copper deposits [26].

The Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER)
is a multispectral imaging instrument that was launched on 18 December 1999 aboard
NASA’s Terra satellite, part of the Earth Observing System (EOS). ASTER captures detailed
images of the Earth’s surface in 14 different spectral bands, ranging from visible to thermal
infrared. Its capabilities include multispectral imaging with a spatial resolution of 15 m for
the visible and near-infrared region (VNIR), 30 m for the shortwave infrared region (SWIR)
and 90 m for the thermal infrared region (TIR), as well as stereo imaging to create detailed
digital elevation models (DEMs) of the Earth’s surface [59–61]. The shortwave infrared
(SWIR) bands of ASTER (4 to 9) showed great capabilities in distinguishing between the
hydrothermal alteration zones and in specifically identifying phyllic, argillic, potassic
and propylitic alterations, which are important as indicators of the potential of copper
mineralization in the region. Moreover, the thermal infrared (TIR) bands of ASTER are able
to map silicate minerals [27]. Therefore, combining the multispectral bands from Landsat-8
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and ASTER can improve the accuracy and efficiency of alteration mineral mapping and
provide a more comprehensive understanding of the geological features associated with
porphyry copper deposits.
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Figure 2. An overview of the methodological flowchart used in this study to map alteration minerals
and zones in the Aktogay porphyry copper deposit.

A cloud-free Landsat-8 Level 1 T (terrain-corrected) image was acquired for the study
area from the USGS Earth Resources Observation and Science (EROS) Center for 27 August
2016, while ASTER Level 1T (Precision Terrain Corrected Registered At-Sensor Radiance)
data with minimal cloud and vegetation cover were obtained from the official Earth Data
Portal on 14 August 2004. The detailed image properties of Landsat-8 and ASTER level 1 T
data are listed in Table 1. In order to isolate the spectral information on mineral composition,
Landsat-8 multispectral bands 1–7 and ASTER bands 1–14 data were used for this study.
The Landsat-8 panchromatic, TIR and cirrus bands (8–11) were not considered, nor was the
backward stereo band (3B) of ASTER.

Table 1. Characteristics of the acquired Landsat-8 and ASTER level 1 T data.

Data Scene ID Longitude Latitude Acquisition Date

Landsat-8 LC81480272016236LGN01

78.98687 48.50331

26 August 201682.18349 48.51483
79.06726 46.35314
82.13620 46.36383

ASTER ASTL1A
0408140543090408280116

79.26633 47.25239

14 August 200480.41163 47.26399
80.41924 46.56428
79.28874 46.55295
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Landsat-8 and ASTER have become indispensable instruments for geological remote
sensing. The multispectral and thermal capabilities of the satellite are a valuable source of
data for lithologic mapping, structural analysis, mineral exploration and natural hazard
assessment [56,62]. The spectral bands covering the visible and near-infrared (VNIR) and
shortwave infrared (SWIR) regions allow the identification of formations based on their
material composition and genesis, as well as secondary alterations associated with the
formation of new minerals. ASTER SWIR bands (4 to 9) are of particular value for mineral
exploration [63]. They are successfully used to distinguish rock types with different mineral
compositions based on their unique spectral properties. In addition, ASTER SWIR bands
play a crucial role in the recognition and mapping of hydrothermal minerals and zones
(e.g., phyllic, argillic, potassic and propylitic alteration zones), which are often associated
with porphyry copper deposits [64].

3.2. Methods
3.2.1. False-Color Composite (FCC)

False-Color Composite (FCC) is an image processing technique in which certain
spectral bands of a multispectral image (i.e., bands from the Vis, NIR, SWIR, TIR portions,
etc.) are assigned to the red, green and blue (RGB) color channels for visual display.
By strategically combining different spectral wavelengths, FCC effectively enhances the
visibility of features and phenomena that may not be perceptible in natural color images.
This technique is widely used in remote sensing to improve the interpretation and analysis
of features on the Earth’s surface [25,65]. In the field of geological remote sensing, FCC is an
important tool for distinguishing between different rock types and mineral groups based
on their unique spectral signatures. By carefully selecting and combining specific spectral
bands, we can effectively enhance subtle spectral variations, facilitating the delineation
of lithological units, the identification of alteration zones and the exploration of mineral
deposits [66].

Considering the spectral characteristics of minerals typical of copper porphyry de-
posits, 7-5-2 and 4-6-8 were used as the RGB band combinations for Landsat-8 and ASTER
data, respectively, in this study. These specific band combinations are particularly effec-
tive for highlighting hydrothermal alteration zones and associated mineral groups [67,68].
Shortwave infrared band 7 (2.11–2.29 µm) is particularly sensitive to spectral variations
associated with clay, hydroxyl, carbonate and sulfate minerals. This spectral sensitivity
makes it an effective tool for the detection and mapping of alteration minerals, including
chlorite, epidote and sericite, which are commonly associated with porphyry copper miner-
alization. Bands 2 (blue, 0.45–0.51 µm) and 5 (near-infrared, 0.85–0.88 µm) are sensitive to
iron oxides and hydroxides, important indicators of oxidation zones in copper porphyry
systems. These minerals exhibit strong absorption in the spectral range of 0.4–1.1 µm,
which includes both bands. In addition, band 5 effectively distinguishes areas of high
vegetation and helps identify anomalous mineralized zones [4,15,25,67] (Figure 3).

3.2.2. Band Ratio (BR) Math Analysis

The band ratio method is often used as a spectral enhancement technique in remote
sensing. This method effectively extracts diagnostic spectral information by combining
or manipulating multiple spectral bands. The resulting ratios or mathematical transfor-
mations improve the visibility of geological structures, lithological units and alteration
minerals associated with ore deposits [24,69]. For instance, porphyry copper deposits
exhibit characteristic zonal alteration patterns. A central potassic core enriched in quartz
and potassium feldspar is usually surrounded by concentric zones of argillic, phyllic and
propylitic alteration. These alteration minerals, including those containing hydroxyl groups
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and other representing minerals, such as chlorite, kaolinite, orthoclase and illite, exhibit
distinct spectral absorption features in the VNIR and SWIR regions [70].
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In addition, an oxidation zone enriched with iron oxide minerals (gossan) forms above
many porphyry bodies [26,67]. To improve the delineation of hydrothermal alteration
zones associated with porphyry copper mineralization, different band ratio indices were
calculated on Landsat-8 and ASTER in this study and then visualized as pixels with thresh-
olds and RGB composites. Hydroxyl-bearing minerals such as clays and carbonates show a
strong reflectance in Landsat-8 band 6 (1.56–1.65 µm) and a prominent absorption feature
in band 7 (2.11–2.29 µm) due to Al-OH and CO3 vibrational properties (Figure 3) [28].
To improve the mapping of these minerals, a band ratio of band 6 to band 7 was cal-
culated to highlight the spectral contrasts associated with the hydroxyl and carbonate
contents in the study area. In addition, iron oxides and hydroxides, including hematite,
jarosite and limonite, were mapped using Landsat-8 bands 2 (blue, 0.45–0.52 µm) and 4
(red, 0.63–0.69 µm). These minerals exhibit strong absorption in the blue band and high
reflectance in the red band, which facilitates their spectral identification [2,26].

A variety of band ratios (BRs) were used to delineate the potassic, propylitic and
argillic hydrothermal alteration zones based on their diagnostic mineral assemblages.
Given the distinctive reflectance properties of quartz-rich minerals (Figure 3) within the
thermal region, two specific BRs, (B11 × B11)/B10/B14 and B14/B12, were utilized to target
orthoclase and quartz as indicators of potassic alteration [70]. Chlorite, calcite and epidote
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are characteristic minerals of propylitic alteration zones, exhibiting diagnostic spectral
signatures within the VNIR and SWIR regions. Band ratios (BRs) of B5/B8 for chlorite,
(B6 + B7)/(2 × B8) for calcite and (B6 + B9)/(B7 + B8) for epidote were calculated from
ASTER data to map their distribution (Figure 3) [70,73,74]. To identify argillic alteration
zones in the study area, band ratios of B4/B6 and (B7 + B5)/(B6 + B9) were calculated
from ASTER data. These ratios, which correspond to spectral properties of kaolinite and
illite–montmorillonite, respectively, serve as proxies for these clay minerals commonly
associated with argillic alteration (Figure 3) [70,75].

3.2.3. Principal Component Analysis (PCA)

Principal component analysis (PCA) is a robust statistical technique for reducing the
dimensionality of data, highlighting key features and revealing underlying patterns or
structures in multidimensional datasets. When applied to satellite imagery, PCA effectively
reduces the dimensionality of the data while preserving the most important information.
This process highlights the most important factors that can be used to identify lithological
and hydrothermal alteration features of reservoirs [76,77].

Typically, principal components (PCs) with high eigenvalues in certain spectral chan-
nels show the reflection and absorption of the corresponding mineral groups with opposite
signs. Positive eigenvalues in a spectral band highlight a mineral group as bright pixels
that coincide with the reflection bands, while negative eigenvalues represent the mineral
group as dark pixels that coincide with the absorption bands (Figure 3) [78,79]. In the
context of copper porphyry deposit detection, PCA can be particularly effective. Porphyry
copper deposits are often associated with hydrothermal alteration zones that have different
spectral signatures. By applying PCA to satellite imagery, such as Landsat-8 and ASTER
data, it is possible to improve the detection of these alteration zones. For example, specific
PCAs can be used to identify important alteration minerals, such as kaolinite, muscovite
and alunite, which are indicative of argillic alteration zones [80,81]. Analyzing the statisti-
cal data obtained by PCA transformation over the VNIR and SWIR spectral channels of
Landsat-8 can help identify significant indicators of various geological and mineralogical
features in this study. In this case, eigenvectors and eigenvalues are considered to deter-
mine the contribution of the different channels to the formation of each PC and to reveal
their possible interpretation.

3.2.4. Crosta Technique

The Crosta method, also known as Feature-Oriented Principal Component Selection
(FPCS), was introduced by Crosta and Moore in 1998 [82]. This technique is a specialized
application within principal component analysis (PCA) that focuses on identifying prin-
cipal component (PC) images that contain significant information related to the spectral
signatures of specific minerals. The core idea of the Crosta method is to use the statistical
results from PCA eigenvector loadings to determine which PC images are most informative
for detecting particular mineral signatures [2,83,84]. This method has been extensively
used in geological studies, especially for identifying areas rich in iron oxides and hydroxyl
minerals [85,86]. A crucial step in the Crosta method is the selection of effective components.
This selection is based on analyzing the eigenvalues and their corresponding eigenvectors.
Specifically, components are chosen based on the minimum and maximum eigenvalues,
as well as the presence of opposite signs in the eigenvector loadings, which indicate the
targeted mineral signatures [2]. In this study, the Crosta method was used to find propylitic
and argillic alteration zones [2,12,68]. Eight VNIR+SWIR bands of the ASTER data were
used to calculate the eigenvectors for this method. Bands 1, 4, 5 and 8 were then selected
for propylitic alteration zones and bands 1, 4, 6 and 7 for argillic alteration zones [68].
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The band selection was based on the spectral reflectance and absorption properties of the
predominant minerals associated with these alteration types.

3.2.5. Automated Lineament Extraction

Automated lineament extraction is conducted using advanced computer-assisted
software designed to streamline the process. This automated workflow encompasses
several key stages: image enhancement; filtering; edge detection; and, ultimately, lineament
extraction [62]. These methods significantly expedite the analysis, enabling the production
of results in a relatively short timeframe. The initial stage, image enhancement, involves
improving the quality of the input data to highlight features of interest. This is followed
by filtering, which reduces noise and enhances the clarity of potential lineaments. Edge
detection algorithms are then applied to identify the boundaries of linear features within
the data. Finally, the lineament extraction phase isolates these features for further analysis.

It is imperative for the user or analyst to critically evaluate the extracted lineaments.
This evaluation often involves integrating manual interpretations to verify and refine the
automated results. By combining automated techniques with expert judgment, the accuracy
and reliability of the lineament extraction process can be significantly enhanced, ensuring
that the final results are both scientifically robust and geologically meaningful [62].

In this study, the lineaments were automatically extracted using DEM data, facilitated
by the LINE algorithm in PCI Geomatica. This process involved six key parameters:
RADI (filter radius in pixels), GTHR (edge gradient threshold in pixels), LTHR (curve
length threshold in pixels), FTHR (line approximation error threshold in pixels), ATHR
(angular difference threshold in degrees) and DTHR (link distance threshold in pixels).
These parameters were meticulously adjusted to optimize the extraction process, ensuring
that the lineaments were accurately identified and represented. The resulting lineaments
were then converted into vector format, which allowed for precise manipulation and
analysis. These vectors were subsequently exported to the ArcMap environment, where
they underwent further density analysis and plotting to visualize the spatial distribution
and concentration of the lineaments. The results are illustrated in the subsequent section.

4. Results
4.1. Mapping Alteration Zones and Minerals

In this study, two FCCs, one using Landsat-8 bands 7, 5 and 2 and the other using
ASTER bands 4, 6 and 8 as RGB components, were used to effectively map hydrothermal
alteration zones within the Aktogay porphyry copper deposit (Figures 4 and 5). The
Landsat-8 FCC of 7, 5 and 2 successfully enhanced the spectral contrast of these zones,
highlighting them as distinct anomalous areas characterized by white to light-yellow
hues. The spatial distribution of the identified alteration zones within the study area
shows a pronounced east–west orientation, suggesting a possible structural control on
their evolution (Figure 4). In addition, the ASTER FCC of 4, 6 and 8 effectively highlighted
propylitic (light green) and phyllic (light purple) hydrothermal alteration zones in the study
area (Figure 5).
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The FCCs effectively differentiated alteration areas from the surrounding landscapes
and unaltered zones by creating distinct spectral signatures for vegetation (light green) and
water bodies (light blue) in the northeastern and southeastern regions (Figures 4 and 5). This
vegetation highlight is due to its optimal reflectance characteristics within the near-infrared
(NIR) portion, which corresponds to band 5 of the Landsat-8 satellite imagery, as illustrated
in Figure 4. Vegetation reflects strongly in the NIR region, typically between 700 nm and
1300 nm, due to the internal structure of plant leaves and the presence of chlorophyll. This
strong reflectance in the NIR band is a key indicator of plant health. This distinct spectral
contrast enabled the precise exclusion of these irrelevant features, greatly improving the
accuracy and reliability of hydrothermal alteration zone identification. By suppressing
the influence of vegetation- and water-related spectral signals, the FCCs optimized the
detection of subtle spectral anomalies associated with hydrothermal alteration zones.
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Considering the geologic structure and mineral composition, particularly within the
Aktogay copper deposit, different BRs were applied to delineate the spatial distribution of
the associated hydrothermal alteration zones. Application of the Landsat-8 band ratio of
B6/B7 identified two anomalous zones indicative of clay minerals, predominantly kaolinite,
in the northeastern and southeastern sectors of the study area (Figure 6a). In addition, the
Landsat-8 band ratio of B4/B2 was used to enhance the spectral signature of iron oxides,
a diagnostic indicator of porphyry copper oxidation zones within the Aktogay deposit.
The pronounced reflectance of iron oxides in the red band combined with their strong
absorption in the blue band resulted in effective spectral enhancement by this ratio. Distinct
iron oxide-rich zones were identified within and surrounding the study area (Figure 6b).
Some areas coincided with the Aktogay copper deposit, suggesting a genetic link between
copper mineralization and iron oxide alteration. Other zones, located northeast and east
of the deposit, showed an elongated morphology. These results suggest a possible link
between the iron oxide distribution and the broader regional pattern of mineralization that
extends beyond the porphyry copper system.
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Processing of ASTER data provided results in the detection of potassic alteration zones
in the study area. BRs of (B11 × B11)/B10/B14 and B14/B12 effectively identified orthoclase
and quartz, minerals indicative of potassic alteration, near and northwest of the Kolar
Massif within the Aktogay copper deposit (Figure 7). Propylitic alteration minerals (calcite,
chlorite and epidote) were also successfully mapped using B5/B8, (B6 + B7)/(2 × B8) and
(B6 + B9)/(B7 + B8), respectively (Figure 8). This propylitic alteration zone is spatially
associated with other alteration zones that are characteristic of porphyry copper deposits
and have been identified using complementary methods. It is noteworthy that calcite and
chlorite are more widespread in the study area than epidote. The results show that the
Kolar Massif is surrounded by NE-SW trending propylitic alteration zones (Figure 8).
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Furthermore, the application of BRs to ASTER data to locate argillic hydrothermal
alteration zones based on diagnostic mineral assemblages showed promising results con-
sistent with those from Landsat-8 data. Kaolinite, which was identified using the B4/B6
ratio, has a wider spatial distribution in the study area compared to illite–montmorillonite,
which was mapped using the (B7 + B5)/(B6 + B9) ratio. Based on these results, argillic
alteration zones are predominant in the Koldar Massif and the surrounding northeastern
and southeastern regions. Within the Koldar Massif and the study area, these zones have a
northeast–southwest orientation that coincides with the ongoing Aktogai mining operation
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(Figure 9). Due to the spectral similarity between the alteration minerals, the surround-
ing vegetation and the minerals from different alteration zones, some of the discovered
alteration minerals were initially misclassified. However, to increase the reliability of the
results, the Quaternary vegetation and sedimentary formations in the northeast of the study
area were carefully masked based on the findings from the FCC results and the existing
geologic and field data. This approach effectively distinguished between alteration zones
and unaltered areas, as shown in Figures 7–9.
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argillic hydrothermal alteration zones represented by kaolinite and illite–montmorillonite.

PCA was applied to the seven bands of Landsat-8 to reduce dimensionality and extract
principal components (PCs). The eigenvalues and eigenvectors were calculated and are
shown in Tables 2 and 3. PC1, characterized by high positive loadings across all bands,
primarily represents the overall brightness of the image (albedo). PC2 is mainly influenced
by SWIR2 (band 7), blue (band 1) and red (band 4). Band 7 has the strongest negative
loading (−0.75765) on PC2, which means that areas with low SWIR2 reflectance (e.g., moist
soils and certain minerals) have high PC2 values and appear dark in the PC2 image (Table 3).
Conversely, the positive loading (0.48096) indicates that regions with high blue reflectance
(e.g., exposed rocks) also have high PC2 values and appear bright. The remaining bands (2,
3, 5 and 6) have negligible loadings on PC2, suggesting that they contribute only minimally
to its formation. Consequently, PC2 can be interpreted as a contrast index that primarily
distinguishes between moisture-bearing features (e.g., soils and minerals) and exposed
surfaces (e.g., rocks and soils), possibly responding to vegetation (Table 3).
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Table 2. Eigenvalues of the principal components.

Principal Components Eigenvalues Percentages

PC1 0.043941 83.64%

PC2 0.006789 12.92%

PC3 0.000954 1.82%

PC4 0.000200 0.38%

PC5 0.000042 0.08%

PC6 0.000013 0.02%

PC7 0.000002 0.00%

Table 3. Eigenvectors and relevant bands of Landsat-8 and selected bands of ASTER for Crosta
methods.

PC Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7

PC1 0.45860 −0.08737 −0.22147 0.52592 0.24505 0.33001 0.53614
PC2 0.48096 −0.06849 −0.21523 0.33449 0.05075 −0.17079 −0.75765
PC3 0.46735 −0.00996 −0.11856 −0.24701 −0.30195 −0.69731 0.35917
PC4 0.47140 0.06295 −0.10654 −0.64112 −0.13518 0.56906 −0.09656
PC5 0.33860 0.29570 0.86459 0.05424 0.21370 −0.04112 −0.00986
PC6 −0.03622 0.70358 −0.08674 0.30997 −0.61704 0.13896 0.00224
PC7 −0.04207 0.63337 −0.35239 −0.20110 0.63365 −0.17564 0.00940

Crosta Method—Propylitic Alteration (ASTER Selected Bands)
Eigenvectors Band 1 Band 4 Band 5 Band 8

PC1 0.2296 0.96557 −0.11753 0.03384
PC2 0.61042 −0.04593 0.78264 −0.11291
PC3 0.54365 −0.19536 −0.32763 0.74762
PC4 0.52831 −0.16553 −0.51605 −0.65359

Crosta Method—Argillic Alteration (ASTER Selected Bands)
Eigenvectors Band 1 Band 4 Band 6 Band 7

PC1 0.21881 0.96706 −0.12305 0.04201
PC2 0.60035 −0.03299 0.79854 −0.02855
PC3 0.55102 −0.20586 −0.39759 0.70422
PC4 0.53673 −0.14601 −0.43486 −0.70817

PC3 is primarily influenced by SWIR1 (band 6) with a strong negative loading and,
to a lesser extent, by SWIR2 (band 7) and VNIR (band 1) with a positive loading. Given
the dominant negative contribution of band 6 and the negligible loadings from the other
bands, dark pixels in the PC3 image are likely indicative of areas with high concentrations
of hydroxyl-bearing minerals and carbonates (Table 3).

PC4 is strongly influenced by the red band (negative loading of −0.64112), indicating
a possible sensitivity to iron oxides and hydroxyl-bearing minerals. Areas with a high
abundance of these minerals are likely to appear as dark pixels in the PC4 image (Table 3).
PC5, PC6 and PC7 together account for less than 1% of the total variance, indicating a
limited information content compared to the first four components. Their high loadings in
the green (band 3) and NIR (band 5) bands indicate a possible relationship to vegetation
(Table 3).

Accordingly, an RGB color composite of PC3, PC4 and PC2 was selected for the
visualization of the Landsat-8 PCA results (Figure 10), as this combination optimally
highlights the hydrothermally altered zones and associated minerals. To improve the
contrast and clarity of the image, the negative loadings of the selected components were
inverted by multiplying by −1. The RGB composite image effectively differentiates various
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geological features. Vegetation and alluvium appear in shades of blue, while water bodies
are represented by shades ranging from white to light blue. Iron oxides and hydroxides,
important indicators of oxidation zones, are highlighted in light green. The most intense
green coloration corresponds to the Aktogay porphyry copper deposit, indicating a high
concentration of iron-bearing minerals such as hematite, goethite and limonite. Clay
minerals associated with hydrothermal alteration are shown in red and form a clear contrast
to the oxidation zones (Figure 10).
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Considering the effectiveness of the Crosta method using ASTER bands for detecting
alteration minerals, PCA was performed on two selected band sets. The first, using bands
B1, B4, B5 and B8, focused on propylitic alteration, while the second, using bands B1, B4,
B6 and B7, targeted argillic alteration. These band combinations were selected based on
their sensitivity to the spectral reflectance and absorption properties of chlorite and clay
minerals, respectively (Table 3, Figure 11). In agreement with the chlorite reflectance and
coefficient loadings, both PC3 and PC4 effectively enhanced pixels indicative of propylitic
alteration zones. However, PC4 showed better results in delineating the propylite alteration
distribution and was consistent with the BR and FCC analyses. The identified propylitic
zone is spatially associated with the Koldar Massif and its surroundings, a region known
for its proximity to the Aktogay porphyry copper deposit. Based on the reflection of
the clay minerals and the calculated Crosta principal components, PC4 highlighted the
pixels corresponding to argillic alteration. As shown in Figure 11 and Table 3, the argillic
alteration zone is characterized by brighter pixel values and has a smaller spatial extent
compared to the propylitic alteration in the study area. These results were confirmed by
PCA analysis of the Landsat-8 data and BRs. Based on the promising techniques employed,
a comprehensive final map was generated to present the identified alteration zones, which
were subsequently verified (Figure 13). This map was created by integrating the optimal
results derived from the band ratio (BR) and Crosta techniques applied to ASTER data.
As illustrated in Figure 13, the potassic alteration zone was delineated using the results
from Figure 7. The propylitic alteration zone was added by integrating the results from
Figures 8 and 11. Similarly, the argillic alteration zone was inserted by combining the
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results from Figures 9 and 11. The integration of these techniques allowed for a more
accurate and detailed representation of the alteration zones. Considering the spectral
similarities of minerals associated with potassic, propylitic and argillic alteration zones,
some overlaps were observed in Figure 13. However, by cross-referencing field sample
data, the geological map and the typical patterns of a porphyry copper system, the optical
results were carefully selected and integrated into Figure 13. This approach ensured that
the spectral data accurately reflected the geological context and enhanced the reliability of
the mineral alteration analysis.
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4.2. Verification of the Image Processing Results

Three primary hydrothermal alteration zones, namely, potassic, propylitic and argillic
zones, were successfully mapped in the study area using BRs derived from ASTER data
(Figures 7–9). While the distribution of argillic alteration was generally consistent with the
Landsat-8 BRs, the latter also showed a significant iron oxide signature within the Aktogay
deposit (Figure 6), likely related to ongoing mining activities. All identified alteration zones
are spatially concentrated in the north and northwest of the Koldar Massif and extend
beyond the study area with a predominant northeast–southwest orientation (Figures 7–9).
These results were corroborated by Crosta methods applied to ASTER data.

There is a strong correlation between the distribution of hydrothermal alteration zones
and the density of lineaments in the study area. As can be seen in Figure 12, a high
concentration of extracted lineaments coincides with the previously identified alteration
zones northwest of the Koldar Massif. The spatial pattern, density and orientation of
the lineaments provide compelling evidence of the relationship between the discovered
hydrothermal alteration zones and the underlying porphyry copper mineralization in the
study area.
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Furthermore, the results show a high correlation between the hydrothermal alteration
zones and the lineaments discovered, which correspond well with the data collected during
the fieldwork. Samples from the southern and northeastern parts of the Koldar Massif were
examined macroscopically and microscopically to characterize the alteration zones and the
minerals they contain. As shown in Figures 13 and 14, three representatives of the analyzed
samples overlap with the propylitic and argillic alteration zones detected by the BR and
PCA approaches. According to the petrographic and mineralogical analyzes, sample #1
from the southern part of the study area within the potassic alteration zone detected by
remote sensing data consists of quartz, amphibole, medium-acid plagioclase and potassium
feldspar (K-feldspar) (Figure 14a,b). In addition, secondary minerals, such as chlorite,
sericite and calcite, as well as accessory ore minerals, such as chalcopyrite, bornite and
pyrite, can be observed in a thin section of this sample (Figure 14a,b). This sample clearly
shows the relationship between the potassic alteration zone and the presence of copper
ore minerals.

Sample #2 was taken in the southeastern part of the study area, within the contact
zone of volcanic rocks, which are predominantly acidic in composition. Based on field
and thin-section observations, propylitic and potassic hydrothermal alteration zones are
present (Figure 14c,d) that correlate highly with the alteration zones detected by the ASTER
data in this study. The sample was identified as dacitic tuff consisting of quartz, feldspar,
plagioclase, volcanic glass and biotite as major minerals, with chlorite, sericite, epidote,
sphene, chalcopyrite and pyrite as secondary ore minerals (Figure 14c,d). Sample #3 was
taken from the northeastern part of the Koldar Massif, within the argillic alteration zone.
Based on sectional observations, the sample consists of quartz, feldspar, plagioclase of
medium composition, biotite and amphibole as major minerals, with chlorite, sericite,
epidote, sphene, chalcopyrite and pyrite as minor and ore minerals. Argillic alteration
can be observed both in situ and under the microscope, represented by the sericitization
and politicization of plagioclase and orthoclase (Figure 14e,f). Accordingly, the spatial
distribution of the lineaments and the collected samples representing the propylitic, potassic



Minerals 2025, 15, 277 20 of 28

and argillic hydrothermal alteration zones provide evidence to verify the results obtained
from the remote sensing datasets.
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In addition, a total of 45 reference points were obtained from the spectral signatures of
hydrothermal alteration zones provided by the KAZ Minerals Company. These reference
points were utilized to perform an accuracy assessment and calculate the Kappa Coeffi-
cients, which are essential metrics for evaluating the reliability of remote sensing results.
The spatial distribution of these reference points (Table 4) and their correlation with the de-
tected alteration zones (Figure 13) were analyzed comprehensively. Out of the 45 reference
points, 32 were found to correspond to the detected alteration zones, yielding an overall
accuracy of 71.11%. Furthermore, the calculated Kappa Coefficient of 0.615 indicates a
substantial level of agreement beyond chance. These results suggest that the applied remote
sensing techniques demonstrate a strong capacity for accurately identifying hydrothermal
alteration zones. The lower percentage of matching in the accuracy assessment is attributed
to the spectral signature points, which are predominantly concentrated within the Aktogay
copper mine area. However, detailed and comprehensive field sampling, along with further
verification and the development of advanced machine learning algorithms, are planned
for future studies. These efforts will aim to enhance the accuracy and reliability of the
spectral data analysis, ensuring more robust and precise results in subsequent research.

Table 4. GPS reference points obtained from hydrothermal alteration zones within the Akogay copper
deposit during fieldwork.

Sample No. Sample Name Longitude Latitude Match

1 A01-0002 79.98413775 46.96808036 Yes

2 A02-0002 79.98423027 46.9645183 No

3 A03-0002 79.98258229 46.96952351 Yes

4 A04-0002 79.98176195 46.96982209 Yes

5 A05-0002 79.98163851 46.96798282 No
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Table 4. Cont.

Sample No. Sample Name Longitude Latitude Match

6 A06-0002 79.98172205 46.96629864 No

7 A08a-0002 79.98108707 46.97007974 Yes

8 A09-00001 79.97969265 46.96454635 Yes

9 A11-0002 79.97949415 46.96813403 Yes

10 A18-0002 79.97393094 46.96727211 Yes

11 A38-0002 79.97654165 46.97003219 Yes

12 A42-0002 79.96866305 46.96725641 No

13 A43-0002 79.97658117 46.96446093 Yes

14 A44-0000 79.9765934 46.96810627 Yes

15 A50-0002 79.98181617 46.96465587 No

16 A52-0002 79.98441393 46.97189439 No

17 A55-0002 79.97524706 46.96741214 Yes

18 GT11-0002 79.98176237 46.96298508 No

19 GT12-0002 79.97700282 46.96997452 Yes

20 GT13-0002 79.97945382 46.97196615 Yes

21 GT14-0002 79.98264518 46.97139292 Yes

22 GT16-0002 79.98713191 46.96765388 Yes

23 GT17-0002 79.98816851 46.96627232 No

24 GT18-0002 79.98300949 46.96958956 Yes

25 GT19-0002 79.98687926 46.96276154 Yes

26 GT20-0002 79.98616986 46.96426407 Yes

27 GT21-0002 79.97751112 46.97139257 Yes

28 GT29-0002 79.96833641 46.97040541 Yes

29 GT31-0002 79.96468751 46.96793391 Yes

30 KMC_001 79.98333261 46.965661 Yes

31 KMC_021 79.9870342 46.96507951 No

32 KMC_033 79.9866313 46.96618371 Yes

33 KMC_040 79.98631934 46.96675788 Yes

34 KMK-01-0002 79.98013357 46.96792155 Yes

35 KMK-02-0002 79.98502933 46.967517 Yes

36 KMK-03-0002 79.98544123 46.96442913 Yes

37 KMK-04-0002 79.98862478 46.96536918 Yes

38 KMK-05-0002 79.9696046 46.96639923 No

39 KMK-06-0002 79.98005513 46.96674055 No

40 KMK-08-0002 79.97827433 46.96535971 No

41 KMK-09-0002 79.9844701 46.96365855 No

42 KMK-11-0002 79.98875178 46.96423172 Yes

43 KMK-12-0002 79.98487374 46.96261116 Yes

44 KMK-13-0002 79.97161723 46.96392302 Yes
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Table 4. Cont.

Sample No. Sample Name Longitude Latitude Match

45 KMK-14-0002 79.97418363 46.97219178 Yes

Total number of matched samples 32

Total number of unmatched samples 13

Overall Accuracy 71.1%

Kappa Coefficient 0.615
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Figure 14. Specimens and thin sections of the collected samples under a 20× polarized microscope:
(a) sample photo of hornblende granodiorite; (b) distribution of calcite in a plagioclase–orthoclase–
quartz matrix under crossed Nicols; (c) sample photo of dacitic tuff; (d) alteration of feldspars
under crossed Nicols; (e) sample photo of granodiorite; (f) politicization process on orthoclase and
sericitization alteration on plagioclase.

5. Discussion
This study successfully demonstrates the application of Landsat-8 and ASTER mul-

tispectral data to detect and delineate hydrothermal alteration zones associated with
porphyry copper mineralization at the Aktogay deposit in eastern Kazakhstan. In particu-
lar, the ASTER data, especially when processed with BRs and PCA, effectively identified
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potassic, propylitic, argillic and iron oxide alteration zones. These alteration zones, mapped
mainly in the northwest of the Koldar Massif, spatially coincide with structural lineaments,
indicating their association with copper-bearing zones. The study highlights the superior
capabilities of ASTER data for rapid and cost-effective mineral exploration and offers
significant potential for the early identification of porphyry copper systems in arid and
semi-arid environments, particularly where there is no prior remote sensing analysis.

The comparison of these results with previous studies underlines their importance
for the further development of remote sensing applications for mineral exploration in
developing countries such as Kazakhstan. Previous studies have shown that hydrother-
mal alteration zones in porphyry systems have different spectral characteristics that can
be recognized by remote sensing [9,25,26,29,72,87,88]. The current study extends these
results by showing that ASTER data, with their higher spectral resolution in the VNIR and
SWIR bands, outperform Landsat-8 data in accurately mapping hydrothermal zones. This
result is in line with Alimohammadi et al. [10], Beiranvand Pour and Hashim [26], and
Bolouki et al. [11], who emphasized the effectiveness of ASTER in detecting sericite-rich
phyllic alteration zones. Furthermore, by integrating Crosta and FCC techniques, the study
refines the delineation of mineralized zones and bridges existing methodological gaps in
remote sensing-based exploration in the study area. This research fills a significant knowl-
edge gap by applying an integrated suite of remote sensing techniques to a geologically
complex region that has seen limited exploration to date. While conventional methods
have struggled to characterize the porphyry copper systems of the Aktogay deposit in
eastern Kazakhstan, the combined use of ASTER and Landsat-8 data with image processing
techniques enabled detailed mapping of hydrothermal alteration. These results confirm
the utility of remote sensing for mineral exploration in regions with complex geology and
limited geological mapping and provide a scalable approach for other developing countries
around the world.

The strengths of the study lie in its comprehensive methodological framework, which
combined several remote sensing techniques to verify and improve the accuracy of alter-
ation zone detection. The superior spectral resolution of ASTER enabled precise mapping
of alteration minerals, while the integration of field data allowed for robust validation of the
remote sensing results. However, the study was constrained by the limited spatial resolu-
tion of the datasets and the lack of hyperspectral data that would allow finer discrimination
of mineralogical variations. In addition, the focus on surface spectral features may have led
to subsurface mineralization being overlooked, necessitating integration with geophysical
methods for comprehensive exploration. Overall, this study demonstrates the effectiveness
of ASTER and Landsat-8 data in mapping hydrothermal alteration zones associated with
porphyry copper mineralization. The results emphasize the value of remote sensing as a
rapid, cost-effective tool for early-stage mineral exploration, particularly in developing
countries around the world. Future research should focus on the use of higher-resolution
hyperspectral data, advanced analytical techniques and the integration of geophysical and
geochemical datasets to refine mineral exploration strategies and develop comprehensive
geological models of the Aktogay deposit.

6. Conclusions
In this study, several image processing techniques were applied to Landsat-8 and

ASTER data to map the hydrothermal alteration zones associated with the Aktogay por-
phyry copper deposit in eastern Kazakhstan. Analysis of the BRs has effectively delineated
zones indicative of propylitic and argillic hydrothermal alteration and oxidation zones
characterized by clay, chlorite minerals and iron oxides, respectively, commonly associated
with porphyry copper systems. FCC images facilitated the visual interpretation of various
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spectral signatures associated with hydrothermal alteration, such as propylitic, argillic and
iron oxides, as well as vegetation and water features. ASTER BR results were able to effec-
tively recognize the spatial distribution of potassic, propylitic and argillic alteration zones
trending north–south in the northwest of the Koldar Massif. The PCA method extracted
latent information from Landsat-8 data and created a composite image (PC3-PC4-PC2)
that effectively distinguished different geological units and their associated minerals. The
Crosta method using ASTER data also showed promising results in detecting propylitic
and argillic alteration zones in the study area.

This study demonstrates the utility of Landsat-8 and ASTER data for efficient mapping
and preliminary evaluation of porphyry copper deposits in developing countries around
the world. The delineated anomalous zones represent prospective targets for detailed
exploration. The dataset generated will also serve as the basis for the creation of a regional
geological map. The practical implications of these results are significant, as they can guide
future exploration efforts, optimize resource distribution and accelerate the development of
the region’s mineral potential as well as those of other developing countries. Future research
should focus on the following: (1) utilizing hyperspectral data with higher spatial and
spectral resolutions to enable more precise mapping of minerals and geological structures;
(2) employing advanced analytical techniques, such as spectral unmixing and machine
learning, to improve the accuracy of mineral identification and abundance estimation;
(3) conducting integrated geophysical and geochemical surveys to confirm the remote
sensing results and assess the mineral potential of the deposit; and (4) integrating remote
sensing data with field and drilling observations to create a comprehensive geological
model of the deposit.
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