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Abstract 

Machine learning (ML) algorithms can be applied to remote sensing satellite imagery to improve 
the accuracy of mineral and lithology mapping in the initial stages of a mineral exploration 
program. In this study, both unsupervised and supervised ML algorithms, namely K-Means 
clustering, Support Vector Machine (SVM), Fuzzy C-Means (FCM) clustering, and Spectral Angle 
Mapper (SAM), are evaluated and fused for the accurate mapping of alteration zones in the 
Zafarghand porphyry Cu region in central Ir an using ASTER satellite imagery. The alteration 
zones of potassic, phyllic, argillic, propylitic, and silicification were documented in the Zafarghand 
porphyry deposit, which could be identified and mapped with ASTER satellite images and ML 
algorithms. The ML algorithms analysed the digital pixel numbers (DNs) of the satellite images 
from the ASTER sensor to determine hydrothermal alteration zones. K-Means clustering was used 
for grouping the data, while SVM was used for categorization and prediction. K-Means clustering 
achieved an accuracy of 78.83%, while the SVM method achieved an accuracy of 98.25% in 
identifying hydrothermal alteration zones, especially propylitic and phyllic alteration zones. 
Moreover, stacking the bands and applying FCM clustering with SAM improved the precision of 
hydrothermal alteration detection, and the accuracy of K-Means-SVM after stacking reached 
96.2%. Using the fusion of these ML algorithms, a thorough investigation of alteration zones was 
developed, improving the overall accuracy and effectiveness of the alteration mapping procedure. 
The developed ML-based approach was then used to create a map of hydrothermal alteration in 
the Zafarghand porphyry Cu region, which was verified in field investigations and petrographic 
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analyses. The Xie-Beni index for FCM  clustering was 0.25833, indicating high accuracy and 
reliability in the clustering process. The results show that the fusion of supervised and 
unsupervised ML algorithms, such as K-Means-SVM, combined with methods like FCM  
clustering and SAM, has the potential to identify complex geological features and significantly 
improve the porphyry Cu exploration program at low cost. 

Keywords: Machine Learning algorithms, ASTER, Advanced image processing, Fusion, K-Means-SVM, FCM 
clustering, SAM, Hydrothermal alteration zones, Alteration mapping, Porphyry Cu exploration, Iran. 

1. Introduction 

Remote sensing is a effective prospecting technique in the field of spectral detection of minerals, 
which plays an important role in identifying specific types of hydrothermal alteration in different 
regions. In addition, this technique is employed in the study of surface geochemical reactions (such 
as the oxidation of sulfide minerals) and also in the study of volcanic phenomena (Bishop and 
Murad, 2005; Yousefi et al., 2018). Most hydrothermal deposits have been identified and 
investigated due to the distinctive spectral signatures of altered minerals inside the SWIR spectral 
region (range 2 to 2.5 micrometers) (Yousefi et al 2018). 

Image processing techniques are chiefly utilized to improve satellite imagery, carry out feature 
extraction and recognition, execute classification, and monitor change detection (Asokan et al., 
2020). Such procedures employ assorted mathematical algorithms to derive meaningful 
information (Babbar and Rathee, 2019). Of these approaches, ML techniques, within the realm of 
machine intelligence, are considered reliable as they are able to classify remote sensing images 
accurately and efficiently. ML facilitates handling of multidimensional datasets and the allocation 
of attributes possessing intricate properties  (Maxwell et al., 2018). The integration of  remote 
sensing data and advanced techniques such as ML algorithms supports and optimizes  the mineral 
prospecting process  by performing spectral classifications; therefore, ML methods have gained 
more attention as an approach to issues in geology and resource prospecting. As a robust empirical 
framework, ML is capable of performing regression and classification, under both supervised and 
unsupervised modes, for nonlinear system modeling. These systems could comprise a few 
variables or thousands of variables. In ML, training data are comprehensively prepared so that the 
parameter domain of the system is covered as fully as attainable. Often, a random share of these 
data is set aside for independent validation. ML methods are well suited to challenges where 
theoretical comprehension is lacking, while a significant quantity of observational evidence and 
data exists for utilization. Ideally, if the theoretical knowledge is complete, the use of ML would 
be unnecessary  (Mitchell, 1997; Gewali et al., 2018; Sun and Scanlon 2019; Khosaravi et al., 2020; 
Salkuti 2020; Moghadam et al., 2021). To verify the proper functioning of this algorithm, new data 
inputs are supplied to the ML model and its predictions are then evaluated. If the produced 
outcomes fail to match expectations, the model is subjected to repeated retraining until the required 
or intended result is eventually obtained. This design allows the ML algorithm to continue learning 
independently using the data and to supply the best answers possible, with accuracy gradually 
improving as more iterations are performed (Carranza and Laborte, 2016; Zuo and Carranza, 
2023). 
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Modern image processing and remote sensing applications require the use of supervised and 
unsupervised ML algorithms. Supervised algorithms, such as Support Vector Machines (SVMs), 
are beneficial for high accuracy tasks, such as object detection and image classification, as they 
learn decision boundaries from labeled training data (Lu et al 2023). As often mentioned in the 
literature, SVM are particularly favored because they can handle high-dimensional data and 
perform effectively even with a small number of training examples. Unsupervised algorithms, such 
as K-Means clustering, on the other hand, work without labeled data and are mainly used for data 
segmentation or grouping by innate patterns. K-Means clustering is popular for its ease of use, 
scalability, and effectiveness when working with large data sets, making it perfect for pre-
processing steps where clusters need to be found in image data. The complementary qualities of 
SVM and K-Means clustering are the reason for their prominent position in advanced image 
processing: while K-Means clustering is well suited for exploratory data analysis, feature 
extraction, and preliminary segmentation, SVM provide accurate classification. This combination 
of supervised and unsupervised techniques is well known (Bekaddour et al., 2015).  

Classification maps are the most important result of image processing in remote sensing. In recent 
years, data-driven approaches have become increasingly important in remote sensing. Especially 
non-parametric methods have proven to be very powerful. This overview covers both supervised 
and unsupervised methods. In supervised image classification, information about the class 
membership of individual pixels, which are labeled by experts, is used to create a model that can 
be generalized to the entire image or a set of images. Currently, the most successful methods are 
neural networks and SVM (Huang et al., 2002; Foody and Mathur, 2004; Benediktsson et al., 2005; 
Camps-Valls and Bruzzone, 2005; Del Frate et al., 2007). Algorithms create functions that map 
inputs to desired outputs. In supervised learning, a typical task is classification, where the learner 
must approximate a function that maps a vector to one of several classes by examining numerous 
input-output examples of the function (Tou and Gonzalez 1974; Osisanwo et al., 2017; Abdullah 
and Abdulazeez, 2021; Shuo and Ming, 2022). Unsupervised classification of remote sensing 
images has many applications, e.g., visualization and monitoring of similar areas within a scene or 
as a preprocessing step for supervised classifiers. Numerous clustering methods have been 
developed to address this problem. These methods identify patterns in unlabeled data (Bezdek, 
2013; Mahesh, 2020; Naeem et al., 2023). 

VNIR and SWIR spectral bands have the appropriate resolution to identify and define specific 
spectral patterns of carbonate minerals, hydrate- and hydroxyl-bearing sulfate, silicates and other 
minerals that have significant absorption characteristics in the SWIR region (Khaleghi et al., 
2020). The SWIR bands cover the Al-O-H, Si-O-H, and Mg-O-H absorption ranges, making them 
effective for their identification (Gupta, 2003; Li et al., 2014; Ramsey and Flynn, 2020).  

There are still significant challenges and crucial gaps in the application of ML techniques for 
comprehensive classification and advanced processing of remote sensing imagery (e.g., ASTER) 
for mineral exploration. The fusion of ML techniques is very promising for enhanced hydrothermal 
alteration mapping of porphyry Cu systems, especially using the SWIR bands of ASTER data. The 
fusion of K-Means clustering, FCM clustering, and Spectral Angle Mapper (SAM) with SVM can 
improve the overall precision and effectiveness of the alteration zones of porphyry Cu systems by 
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leveraging both clustering and spectral analysis techniques. While SAM improves spectral 
discrimination, especially for hydrothermal minerals, FCM clustering offers a more flexible 
partitioning of alteration zones. By taking advantage of both methods, this two-step approach 
increases the ability of satellite image processing to identify complex geologic features. 
Combining directed learning with self-regulation techniques can significantly improve 
hydrothermal alteration mapping methods and potentially be cost and time effective. Mineral 
exploration programs can be advanced with fused ML techniques when used in conjunction with 
human supervision and without direct control (Yousefi et al., 2021, Lachaud et al., 2023). 

In this research, ASTER satellite images and implementation of K-Means and FCM clustering, 
SAM, and SVMs on enhanced hydrothermal alteration in central Iran's Zafarghand porphyry Cu 
region were evaluated. Despite the advancements in remote sensing, accurately identifying 
alteration zones in complex geological settings remains challenging. These difficulties primarily 
stem from spectral overlaps, lithological diversity, and inconsistencies in surface cover, 
necessitating more advanced techniques that are highly sensitive to subtle anomalies. Cu and Mo 
are critical elements in modern technologies and the production of clean energy. Porphyry Cu-Mo 
systems represent the primary sources of these elements and typically consist of extensive rock 
volumes altered by hydrothermal processes associated with porphyritic intrusions. In recent years, 
the advent of advanced satellite remote sensing technologies has emerged as an effective tool for 
mapping alteration zones related to these systems, thereby supporting copper exploration efforts 
(Fu et al., 2023; Fallaha et al., 2024; Rahmani et al., 2025; Jain et al., 2025). The Zafarghand 
porphyry Cu region is located within the Urmia-Dokhtar magmatic arc (UDMA) (Fig. 1a). 
Previous studies in this region have included geologic mapping, geophysical surveys, geochemical 
studies, stable isotope and chemistry studies, and mineralogical and geochemical analyses of 
hydrothermal alteration zones (Sadeghian and Ghaffary, 2011; Aminoroayaei Yamini et al., 2016; 
Aminoroayaei Yamini et al., 2017; Mohammadi et al., 2018; Ghannadpour et al., 2024b). Several 
studies have already been conducted on the geological aspects of the Zafarghand porphyry Cu 
region. However, there is a paucity of remote sensing analysis to map the alteration zones using 
ML algorithms accurately. This investigation intends to overcome the gap by exploring alteration 
zones in the study area via ASTER data and implementing advanced ML–based image analysis 
techniques. Hydrothermal alteration zones spectral properties have also been enhanced by stacking 
ASTER bands before using ML algorithms, which has resulted in a more accurate classification. 
Consequently, the following main objectives were set: (1) to evaluate the K-Means clustering and 
SVM for mapping hydrothermal alteration zones using ASTER's SWIR bands; (2) to fuse K-
Means clustering results and SVM to produce an accurate map of hydrothermal alteration zones 
in the Zafarghand porphyry Cu region; (3) to developed a ML-based approach for advanced image 
processing of remote sensing imagery to identify hydrothermal alteration zones associated with 
porphyry Cu deposits. (4) to enhance classification precision and hydrothermal mineral 
differentiation by integrating FCM clustering and SAM into the alteration mapping process. 

2. Geological setting of the study area 

Many of the known porphyry Cu deposits such as Sarcheshmeh, Miduk, Dalli, Kahang, 
Zafarghand and Zefreh in Iran are located in the UDMA, also known as the Central Iranian 
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Volcanic-Plutonic Belt (Varmazyari et al., 2025). The intrusive rocks and copper deposits in this 
arc were formed when the Neo-Tethys was abducted beneath the central part of Iran in the middle 
Miocene. The rocks in this area are mainly diorite, granodiorite and granitoid, while the volcanic 
rocks are andesite, dacite and pyroclastics (Alaminia et al., 2017). The Zafarghand porphyry Cu 
deposit is located in the Urumieh-Dohktar Magmatic Arc. It lies in the western part of Zafarghand 
(geologic sheet 1:100,000 Ardestan), which extends from 55°23'52''E to 30°26'52''E longitude and 
52°11'33''N to 30°10'33''N latitude (Fig.1b) (Alaminia et al., 2017). The Zafarghand copper 
exploration zone is located around 110 kilometers northeast of Isfahan in southeast Ardestan, 
central Iran.  

Field investigations and petrographic analyses carried out in the area have identified a series of 
acidic to intermediate igneous rocks, comprising both volcanic and intrusive formations, from the 
Upper Eocene onwards. These rock units are delineated as follows (Alaminia et al., 2017). 
Rhyolite, characterized by limited outcrops in the northwest corner, exhibits a pinkish-gray hue 
(Fig.1c). These rocks typically exhibit a porphyritic texture with a glassy flow. Dacites and 
rhyodacites, which extend over much of the area, exhibit gray to greenish hues (Fig.1c). This unit 
is considered the most important host rock for copper mineralization in the region. It is 
characterized by a porphyritic texture with a fine-grained, amorphous, and porous felsic matrix. 
The andesites, which predominate in the southwestern and western regions, appear dark gray and 
are characterized by their hollow nature due to the abundance of coarse crystals. Intrusive 
formations, including diorite, quartz diorite, and microdiorite, are observed in the northwestern 
and southeastern parts and are dark gray in color (Fig.1c). A semi-intrusive porphyritic quartz and 
diorite mass occupies a smaller area in the southeastern section of the region (Fig.1c) (Alaminia et 
al., 2017).   

 

Figure 1. (a) The Zafarghand exploration area situated in the central UDMA; (b) simplified geological map segment 
of Ardestan and Shahrab with scale 1:100,000; (c) simplified geological map of the Zafarghand region, redrawn and 
modified from Alaminia et al., 2017 

Studies previously carried out in the region identified several hydrothermal alteration zones, 
namely potassic, phyllic, siliceous, argillic, and propylitic (Esmailzadeh Kalkhoran et al., 2024). 
Hydrothermal alterations commonly appear close to intrusive masses and surrounding rocks along 
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the South Ardestan Fault (Fig.2). Potassic alteration in the southeast is mostly restricted to the 
vicinity of quartz diorite, whereas phyllic alteration is noted around intrusive diorite, porphyritic 
quartz diorite, and also in dacite–rhyodacite volcanics. To a lesser extent, phyllic alteration is 
replaced by siliceous and argillic types (Fig.2) (Ghannadpour et al., 2024). On the other hand, 
propylitic alteration is extensively developed in the deposit’s outer zone. The wide occurrence of 
chlorite in southern Ardestan highlights that alteration phenomena are widespread throughout the 
region (Fig.2). Alteration of phyllic rocks in this area is characterized by the presence of extensive 
quartz-sericite, stockwork of quartz veins, and iron oxide (mainly hematite) in porphyritic dacites 
and quartz diorites. Some iron oxide and quartz veins up to 2 centimeters thick are visible in this 
alteration (Alaminia et al., 2017; Ghannadpour et al., 2024). 

 

Figure 2. Alteration zones in Zafarghand region (based on modifications from (Alaminia et al., 2017)) 

3- Spectral properties of alteration minerals 

Porphyry Cu deposits are usually controlled by hydrothermal alteration zones (Lowell and Gilbert 
1970) that have a regional or tens-of-meter scale of quartz and potassium-rich core with several 
incremental zones of alteration surrounding it. The sixth ASTER band is positioned near the 
principal Al–OH absorption feature of the phyllic alteration zone, dominated by illite/muscovite 
(sericite) at 2.20 μm. The argillic zone, narrower in distribution and located next to it, contains 
both kaolinite and alunite, which together create a secondary Al–OH absorption at 2.17 μm 
corresponding to ASTER band 5. It moves outwards, and the propylitic zone is formed in its 
periphery, defined by a mineral assemblage of epidote, chlorite, and calcite. The minerals show 
well-resolved absorption of 2.35 μm, well-matched with ASTER band 8. It is this spectral 
alteration signature that underlies the creation and mapping of potential target areas in porphyry 
systems (Fig.3) (Clark et al., 1990; Dalton et al., 2004; Rowan et al., 2006; Pour and Hashim, 
2012). 
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Figure 3. For muscovite, kaolinite, alunite, epidote, calcite, and chlorite, laboratory-based NIR spectra were 
resampled into ASTER band intervals. Characteristic absorption bands occur at 2.20 μm for muscovite (phyllic), 2.17 
μm for kaolinite–alunite (argillic), and 2.35 μm for epidote, calcite, and chlorite (propylitic) (Clark et al., 1993; adapted 
from Mars & Rowan, 2006) 

Materials and methods 

4.1.ASTER data and pre-processing  

The ASTER sensor, offers adequate spectral detail in SWIR bands and thus proves effective for 
mapping hydrothermal alteration related to porphyry Cu systems and epithermal Au deposits (Pour 
and Hashim, 2011; Moradpour et al., 2022). In total, ASTER imagery contains 14 bands: three are 
collected in the VNIR domain at 15 m resolution, six fall within the SWIR domain at 30 m, and 
five belong to the TIR domain, each with a 90 m spatial resolution. An area of 60 by 60 kilometers 
is covered by each image scene. This sensor is capable of detecting alteration associated with 
minerals such as kaolinite, sericite and chlorite, which are important indicators of porphyry Cu 
mineralization. Given the spectral capabilities and high resolution of ASTER, this sensor can 
accurately identify mineralogical compositions associated with alteration and can be used as a 
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valuable tool in mineral exploration (Kumar et al., 2015). This study utilized an ASTER L1T scene 
(AST_L1T_00308182002072145_20150424120125_9911) that was acquired on July 21, 2002 
(see Fig.4). Pre-processing of ASTER imagery involves radiometric calibration, atmospheric 
adjustment, as well as geometric orthorectification procedures. The IARR method calculates the 
average reflectance of the entire image and normalizes each pixel's reflectance by dividing its 
Digital Number (DN) value by the mean DN value of the corresponding band. This process helps 
in analyzing relative reflectance variations across the image. The essential premise is that the mean 
spectrum reflects the spectrum of the sun (Ghannadpour  et al., 2024; Esmailzadeh Kalkhoran et 
al., 2024; Esmaelzadeh Kalkhoran et al., 2024; Ghannadpour et al., 2024b). In addition to 
radiometric and atmospheric corrections, image normalization using the IARR method helps 
mitigate variations caused by changes in brightness and sensor viewing angles. This normalization 
results in more uniform light intensity across the image, enabling more accurate comparisons of 
pixel values and improving the reliability of analyses such as classification and spectral 
interpretation. By reducing noise and standardizing reflectance values, algorithms can more 
effectively detect subtle spectral variations associated with alteration minerals—an essential factor 
in geologically complex regions. 

4.2. Data used and preparation  

ASTER's SWIR bands (4–9) were selected in order to extract each pixel's DN values. These 
selected bands correspond with prior studies (Ghannadpour and Esmaelzadeh Kalkhoran, 2024a) 
of porphyry Cu deposits, as their absorption and reflectance behavior is particularly effective in 
enhancing the visibility of associated alteration zones. Fig. 4(a) shows the entire ASTER image as 
an RGB composite, whereas Fig.4(b) highlights a subset over the Zafarghand porphyry Cu deposit. 
Resolution decreases since the study area is significantly smaller than the ASTER sensor’s field 
of view, a condition that constrains the number of pixels available  (Esmaelzadeh Kalkhoran et al., 
2024). Nevertheless, the individual pixels remain valuable patterns with specific coordinates. This 
property is beneficial for ML applications as it allows for a more targeted analysis of the data and 
a more precise evaluation of the effectiveness of the method. Although the overall quality of the 
image is compromised, the pixel-level information is still crucial for accurate modeling.  
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Figure 4. (a): RGB for 468 bands of ASTER whole scene (b): A subset image of the RGB for 468 bands covering 
the Zafarghand porphyry Cu deposit 

First, the ASTER sensor images were resized using ENVI software to obtain better results and 
higher accuracy of the applied model. Then MATLAB software was used to apply ML algorithms. 
Based on studies carried out with the ASTER sensor on porphyry Cu deposits, the SWIR bands 
were identified as the most critical for highlighting the alterations of porphyry Cu deposits. These 
bands are particularly effective due to their reflectance and absorption characteristics, especially 
concerning the desired alteration zones (e.g., phyllic and propylitic) (Hunt, 1971; Grove et al., 
1992; Salisbury and D'Aria, 1992; Mhangara, 2005; Vicente and de Souza Filho, 2011; Pour and 
Hashim, 2011; Pour and Hashim, 2012; Nouri et al., 2012; Shahi and Kamkar Rouhani., 2014; 
Sadek et al., 2015; Kumar et al., 2015; El-Qassas et al., 2023). Fig.5 shows histograms for the DNs 
of the SWIR bands of the ASTER image. As demonstrated in these histograms, the distribution is 
normal; therefore, renormalization is not required. However, if the distribution is not normal, 
various techniques can be applied for normalization (Ghannadpour and Hezarkhani, 2023). 
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Figure 5. The frequency diagram of DN value for SWIR bands of ASTER image (a-f) 

 

4.3. Image processing techniques 

Fig. 6 displays the methodological flowchart for applying the K-Means clustering, FCM clustering, 
SAM, and SVM Classification algorithms to the processing of the ASTER image's SWIR bands. 
The workflow and individual steps are depicted in this flowchart. Initial corrections are made to 
eliminate errors that may have existed after the ASTER satellite images are acquired and the DNs 
are extracted. Next, to enhance spectral discrimination, the SWIR bands are stacked. For 
clustering, the FCM clustering technique is applied in conjunction with K-Means clustering, and 
the clusters that are produced are used as training data for the SVM model. Additionally, to 
improve alteration zone recognition, the SAM is included. The final hydrothermal alteration map 
is created by combining the categorized layers following the use of the SVM algorithm, which 
enhances accuracy and distinguishes geological features.  
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Figure 6. An overview of methodological flowchart for processing the ASTER data using ML algorithms 

 

4.3.1 K-Means clustering algorithm 

Feature extraction is a crucial step in any recognition system. Its purpose is to identify the most 
important features of the image and use this concise information to classify the entire image. The 
choice of features has a significant impact on the classification process; good features lead to a 
higher recognition success rate, while poor features lead to lower accuracy (Arai and Barakbah, 
2007). In K-Means clustering, the first step is defining K, the cluster number, followed by selecting 
K centroids. Objects are then stochastically allocated to the closest centroid under the nearest-
neighbor rule, thereby forming clusters (Maulik and Bandyopadhyay, 2000), then calculating the 
mean value of each cluster and setting this value as the new clustering centroid (Abdalameer et al., 
2022). The procedure is repeatedly iterative and is governed by the error function E The error 
function is as follows [Eq. (2)]: 



Accepted manuscript (author version) 
 

This article has license CC BY 4.0 https://creativecommons.org/licenses/by/4.0/ 

                                                              E = ෍ ∑ (𝑝 −𝑚௜௣∈஼೔

௞

௜ୀଵ
)                                                              (2)                                         

In this context, p designates the spatial object, while mi indicates the centroid of cluster Ci. A lower 
E shows higher similarity of the grouped data. In this method, spectral data is collected from 
satellite images or other sources and pre-processed. After applying the atmospheric correction to 
the DNs of the SWIR bands of ASTER image, the number of classes for this method was set to 3 
classes according to previous studies and alteration map of the study area (see Fig.2). 

4.3.3. Fuzzy C-Means (FCM) clustering  

The main feature of FCM clustering is that a vector can belong to multiple clusters simultaneously. 
In contrast, traditional clustering methods assign each vector exclusively to a specific cluster (Li 
and Shen, 2010). The process and steps of FCM clustering are shown in Fig.7. 

 

Figure 7. Steps and process of FCM clustering 

4.3.4. Spectral Angle Mapper (SAM) 

The SAM method is extensively employed for lithological mapping and has been adopted in many 
investigations (Chen et al., 2007; Murphy et al., 2012). This algorithm, which operates based on 
spectral angle calculations, is a supervised classification method for remote sensing imagery. 
Spectral signatures of the image, in this technique, are represented as vectors located in a 
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multidimensional feature space, the dimensions of which are defined by the count of spectral bands 
in the image (Kruse et al., 1993). 

The SAM classification process is based on calculating the angle between the spectral signatures 
of the image and those of the reference spectra. Reference spectra may come from field 
observations or existing spectral libraries (Kruse et al., 1993). This method provides an overall 
assessment of spectral similarity across the entire spectral range of interest or within a specific 
portion of it (Hecker et al., 2008). 

4.3.5. SVM classification algorithm 

Parametric classification objective to specify the representative values or statistical distribution of 
features for each class. In comparison, SVM pays attention primarily to training samples 
positioned close to the separating hyperplane that best divides classes (Cortes, 1995; Huang et al., 
2002; Pal, 2005; Mountrakis et al., 2011; Pal and Foody, 2012). Known as support vectors, these 
essential samples lend their name to the method. SVM aims to identify the best boundary that 
enlarges the margin between the respective support vectors. SVM classifiers are intrinsically 
binary; thus, to distinguish among classes, the algorithm is applied to all possible pairs. This 
approach can exponentially increase computational time as the total number of classes becomes 
larger (Cortes, 1995). Originally, SVMs were developed to determine a linear class boundary or 
hyperplane. This limitation is solved by projecting the feature space into a higher dimension where 
a linear boundary may exist. This technique, known as the kernel trick, involves different kernels, 
each with different user-defined parameters (Kavzoglu and Colkesen, 2009). In this study, the 
Radial Basis Function (RBF) kernel was employed due to its strong capability in handling 
nonlinear class boundaries. Given the complex spectral patterns and overlapping alteration 
zones—such as argillic, phyllic, and propylitic—the RBF kernel offers a more flexible decision 
boundary within high-dimensional feature space. Its effectiveness in remote sensing applications 
is also well documented in the literature (Huang et al., 2002; Kavzoglu and Colkesen, 2009). 
Remote sensing applications often make use of polynomial and RBF kernels (Huang et al., 2002). 
For classes that are not inherently separated, the decision boundary can be described as a soft 
boundary. This allows some training patterns to be on the wrong side of the boundary, with the 
user specifying a penalty through the parameter C (Cortes, 1995). Higher C values create a 
complicated decision boundary and lower generalization ability. 

Supervised algorithms require training data. Therefore, the results of K-Means clustering and the 
created classes are used as input and training data for the model. Finally, the SVMs model 
algorithm is applied to the DN of the pixels considering the pixel coordinates.  

5. Analysis and results  

5.1. K-Means clustering outputs  

Clustering was performed using the SWIR spectral bands obtained from the ASTER sensor. 
According to the alteration map and knowledge of the study area, three classes were considered 
suitable for this method (see Fig.2), was suitable for three classes. The results of this method are 
shown in Fig.5. The method effectively separated the regional variations, demonstrating the 
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performance of the algorithm in classifying satellite images. The silhouette criterion, one of four 
evaluation criteria for clustering, was used to evaluate the model. This criterion measures how well 
each pixel belongs to its assigned cluster compared to the neighboring clusters. The silhouette 
index varies between –1 and 1; values approaching 1 suggest proper, high-quality clustering, 
whereas negative values reflect clustering that has been assigned incorrectly. This criterion allows 
the evaluation of the overall model, individual clusters, and individual pixels. In general, an 
average silhouette criterion above 0.2 indicates a suitable clustering model (Wang et al., 2017). 
Fig.8 (a-f) shows result of K-Means clustering applied to SWIR bands. The phyllic and propylitic 
alterations present in the region were clustered using the K-Means clustering algorithm. 
Comparing the obtained results with the regional alteration map (Fig.2) reveals that green zones 
correspond to phyllic alteration, whereas purple zones correspond to propylitic alteration. This 
observation shows that the method used worked effectively in this area. 

Accuracy of results and number of classes for K-Means clustering are shown in Table 1. Evaluation 
of K-Means clustering performance for different bands was carried out by applying the silhouette 
score. The metric assesses clustering performance by analyzing the compactness of samples in 
each cluster and the separation among clusters. As an index of clustering performance, the 
silhouette score shows how strongly samples belong to their clusters—high scores denote good 
separation, near-zero scores mark boundary cases, and negative ones reveal misclassified 
instances. According to the table, clustering is performed effectively in all bands. The silhouette 
scores are consistently above zero and approaching 1, indicating that the samples were correctly 
assigned to their respective clusters. 

 

Figure 8. K-Means clustering applied to SWIR indices 4 through 9: (a) 4, (b) 5, (c) 6, (d) 7, (e) 8, (f) 9 
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Table 1. Accuracy of results and number of classes for K- Means clustering and SVM algorithm. 

ASTER Bands Num Classes K-Means Cluster 
Evaluation/Silhouette 

SVM Accuracy 

Band 4  
 

K = 3 

0.76393 0.98652 

Band 5 0.73228 0.97899 

Band 6 0.67730 0.98914 

Band 7 0.67251 0.97671 

Band 8 0.73141 0.97654 

Band 9 0.67242 0.98739 

 

5.2 FCM clustering output 

The FCM clustering results of different alteration categories within the study area are illustrated 
in Fig.9. The clustering outcomes indicate that FCM effectively identified the alteration zones, 
showing strong consistency with the alteration map displayed in Fig.2. 

Furthermore, FCM clustering successfully detected argillic alteration in the SW and NW parts of 
the region, which were not explicitly highlighted in the original map. This finding suggests that, 
in addition to accurately distinguishing existing alteration types, the method was also capable of 
identifying previously unrecognized argillic alteration zones, demonstrating its potential for 
enhanced alteration mapping. 

 

Figure 9. Resulting map and classification classes resulting from applying the FCM clustering algorithm 

To evaluate the quality of the clustering performed, the Xie-Beni index was used. Xie-Beni cluster 
validity indices are used to evaluate the quality of FCM clustering because they could consider the 
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geometric characteristics of the clusters. These indices evaluate the compactness and separation of 
clusters by measuring the intra-cluster deviations and inter-cluster distances. The results of 
calculating this index showed that the Xie-Beni value equals 0.25833. A low value of this index 
indicates appropriate cluster compactness and desirable resolution, which confirms the correct 
performance of the FCM algorithm. 

5.3.SAM algorithm 

SAM is particularly effective for distinguishing rock units by emphasizing the unique reflectance 
characteristics of different materials. In lithological mapping studies utilizing this approach, each 
rock type (lithological class) is assumed to have a distinct spectral signature (Debba et al., 2006; 
Rowan et al., 2006). The mean spectral signature of training samples is used as the reference 
spectrum, representing the spectral properties of a given class. 

Propylitic alteration is characterized by absorptions from chlorite, epidote, and carbonates in 
ASTER bands 3 and 5 (iron and Al–OH) and in band 8 (carbonate). Argillic alteration shows bands 
3, 5, and 7 absorptions linked to iron, Al–OH, and Mg–OH in kaolinite and chlorite. Similarly, 
phyllic alteration presents bands 3, 5, and 7 features caused by iron, Al–OH, and Mg–OH, 
reflecting minerals such as illite, muscovite, and chlorite (Rajendran et al., 2013; Rajendran and 
Nasir, 2017). 

Fig.10 presents the classification maps generated using the SAM algorithm applied to the stacked 
image, highlighting argillic, phyllic, and propylitic alterations with their respective index 
minerals—kaolinite, muscovite, and chlorite. 

 

Figure 10. Hydrothermal alteration zones mapped using the SAM algorithm on ASTER satellite imagery. The map 
highlights three major alteration zones: Argillic alteration (yellow, associated with kaolinite), Phyllic alteration 
(magenta, associated with muscovite), and Propylitic alteration (green, associated with chlorite). The grayscale 
background represents the base satellite imagery for spatial reference 
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After performing FCM clustering and the SAM method, in order to examine the accuracy of 
alteration identification, these two outputs were overlapped with each other. Analysis of the results 
of combining these two methods shows that both methods have identified argillic alteration in the 
southwestern part of the region, which confirms the correctness of the performance of the methods 
used. The FCM method was able to accurately identify these areas in the southwestern and 
northwestern areas, where the two phyllic and argillic alterations overlap. Unlike the K-Means 
clustering method, which cannat identify overlapping areas, the FCM clustering method was able 
to separate and display these areas. In combining these two methods, it was found that the FCM 
clustering extracted more details from the alteration areas compared to SAM and, in some cases, 
identified argillic alteration in wider areas. In Fig.11 the result of the combination of two SAM 
and FCM clustering layers are presented, which shows how the FCM clustering was able to 
separate the overlapping areas of phyllic and argillic alterations correctly. 

 

Figure 11. Comparison of hydrothermal alteration zones mapped using SAM and FCM clustering on ASTER satellite 
imagery. (a) Argillic alteration zone mapped by SAM (orange) and FCM clustering (yellow). (b) Phyllic alteration 
zone mapped by SAM (magenta) and FCM clustering (light pink). (c) Propylitic alteration zone mapped by SAM 
(green) and FCM clustering (light green). The grayscale background represents the base satellite imagery for spatial 
reference. The comparison highlights the spatial agreement and discrepancies between the two methods in identifying 
alteration zones 
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5.4.SVM model outputs 

The SVM algorithm is used for classification. As a first step, the model is provided with training 
data and undergoes training accordingly. The result of examining the training data of this model 
is the classes of the K-Means clustering method. Subsequently, 70% of the samples are allocated 
for training and 30% for testing in the SVM model, and the model is fitted using the training set 
with the selected parameters and kernel.  In this phase, the model is evaluated using the test data, 
which includes calculating the accuracy and confusion matrix, and other evaluations. Table 1 
shows the accuracy of the model, and Fig.12 shows the confusion matrices of the bands on which 
the model is based. It was applied in individual steps. The confusion matrix illustrates the accurate 
distinction among the various classes. The model was able to classify most of the samples 
correctly. After the model evaluation, the results of applying the algorithm to different bands are 
presented in Fig.13. To better understand this problem, the maps in Fig. 13 were fused to the 
alteration map from Fig.2 (Fig.14). Finally, the bands used are stacked, which can be seen in Fig. 
14, the result of the band stack. 

The SVM model was able to correctly classify the image data with an accuracy of 98.25%. This 
performance confirmed the suitability of the RBF kernel for further classification tasks. To 
optimize the model, Bayesian optimization was employed to tune key hyperparameters, such as 
the BoxConstraint (C). The optimized values varied across spectral bands, depending on noise 
levels and class separability. For instance, a very high C value was observed in band 5, where the 
data were clean and class boundaries were well defined. In contrast, lower values were selected 
for noisier bands to help prevent overfitting. This adaptive behavior underscores the flexibility and 
effectiveness of the RBF kernel in this context. These results demonstrate the high performance of 
the SVM model for alteration mapping. By further optimizing the model parameters and using 
different kernel functions, better results can be achieved. In the following, the optimization of the 
model is discussed. 

 

Figure 12. Band-specific confusion matrices. Bands 4-9 (a, b, c, d, e, f) 
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Figure 13. The results of applying the model to the SWIR bands, the green area is for propylitic alteration and the 
pink areas show the phyllic alteration in the studied area. Bands 4, 5, 6, 7, 8, and 9 are shown in (a), (b), (c), (d), and 
(f), respectively 

 

Figure 14. Displaying the overlap of SVM model results and the Zafarghand alteration map to evaluate model 
performance. The zones classified by the model are shown in green (phyllic) and yellow (propylitic), while the 
reference zones from the alteration map of the study area (Fig. 2) are illustrated using distinct patterns 

 



Accepted manuscript (author version) 
 

This article has license CC BY 4.0 https://creativecommons.org/licenses/by/4.0/ 

5.5.Optimization SVM 

In the study conducted to optimize the ML model, the Bayesian optimization method was used. 
This optimizer is one of the most common optimization methods in ML. The optimization in these 
algorithms refers to adjusting the parameters of the model to achieve adequate performance. The 
Bayesian method is based on statistical models that are used to search for the best operator in the 
hyperparameter space. The optimization results of the SVM model for the bands used are shown 
in Table 2. C is a parameter that helps to determine the balance between the maximum margin and 
the training error of the model. Table 2, which reports the optimization of the SVM model across 
various bands, shows that the C value for one band—specifically band 5—was greater than 990. 
This value was much higher than the values obtained for the other bands and requires further 
analysis. This band may have particular characteristics that require greater sensitivity in modeling. 
These features may include distinct differences between classes or unique data characteristics that 
warrant a high C value.  

The investigations revealed that the data for this band was relatively clean and without noise. This 
could be seen as one of the reasons why this parameter is high, because the model was able to 
work more sensitively. However, in the bands where the C value is low, the data for these bands 
(Band 6 and Band 7) have more noise or higher scatter, so the model may need to be less sensitive 
to errors. This may lead to a lower C value being chosen to prevent overfitting of the model. If the 
classes in this band are well separated and the data is clearly delineated, the need for a high C value 
is reduced. A model with a lower C value can perform well without being too sensitive to errors. 
Consequently, C is regarded as one of the crucial hyperparameters in SVM models, exerting a 
notable effect on both performance and accuracy, and it must be finely tuned to obtain the best 
possible results (Bishop and Nasrabadi, 2006). 
 

Table 2. Hyperparameter Settings for Classification Models. 

5.6.Comparison of model performance and accuracy on single-band vs. multi-band data 

To improve the performance of the classification model, SWIR bands of the ASTER sensor were 
first corrected. In this process, the values of each band were normalized based on the average 
brightness intensity (IARR correction). This correction reduced the effect of the difference in 
brightness of the bands. Then, DN values were extracted from the normalized data and used as 
input features of the model. The process of standardizing spectral features significantly increased 
the model’s efficiency in class separation, and this step contributed greatly to enhancing the overall 

Bands Coding C KernelScale KernelFunction Standardize Iteration 

Band 4 Onevsone 52.082 Nan Polynomial True  
 
 
 
 

30 
 
 
 

Band 5 Onevsone 994.11 Nan Linear True 

Band 6 Onevsall 14.656 1.0192 Gaussian True 

Band 7  Onevsall 18.302 0.0032396 Gaussian True 

Band 8 Onevsone 460.27 Nan Polynomial True 

Band 9 Onevsone 852.91 0.0029307 Gaussian True 
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accuracy achieved by the model. After correction and standardization of the spectral data, different 
bands were stacked together to create a multispectral dataset. Next, an initial clustering step was 
carried out with the K-Means algorithm. This approach automatically partitioned the dataset into 
four distinct groups, which then served as the main basis for the final SVM classification. After 
initial labeling of the data with K-Means clustering (Fig.15), a multi-class SVM model with an 
RBF kernel was used for final classification (Fig.16).  

To increase the accuracy of the model, the values of C and KernelScale were optimized with 
Bayesian optimization. This adaptive method resulted in the model achieving a good balance 
between accuracy and generalizability with the lowest possible error. In the single-band method, 
each class is selected based on information from only one spectral band, so the model is not able 
to accurately distinguish between classes. As a result, the number of classified classes is considered 
less (k=3). However, in the stacked method, the combination of different spectral bands has 
increased the model's ability to distinguish more complex spectral patterns. This increase in input 
features has improved the accuracy of the model and also allowed for the separation of more 
classes. As a result, to provide a more accurate classification, the number of classes in the stacked 
method was increased from 3 to 4. 

 

Figure 15. Hydrothermal alteration zones mapped using K-Means clustering on ASTER satellite imagery, with 
stacked bands 4 to 9. The classification distinguishes four major classes: (1) Unaltered zone (white), (2) Argillic 
alteration zone (magenta), (3) Phyllic alteration zone (green), and (4) Propylitic alteration zone (yellow). The results 
highlight the spatial distribution of alteration patterns, demonstrating the effectiveness of unsupervised classification 
in hydrothermal mapping. 
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Figure 16. Hydrothermal alteration zones classified using SVM based on labeled data from K-Means clustering. The 
classification distinguishes three major alteration zones: Phyllic (yellow), Propylitic (green), and Argillic (magenta). 
The SVM model was trained using the K-Means clustering results as labeled input data, enhancing the precision of 
alteration zone delineation 

Since the input labels of SVM are directly extracted from K-Means clustering, the SVM model 
tends to simulate the same patterns as K-Means clustering. Furthermore, since both K-Means 
clustering and SVM function on the spectral characteristics of the dataset, their resulting outputs 
tend to be alike. The main difference is that SVM improves the initial clusters and better separates 
the boundary regions by using nonlinear boundaries and an RBF kernel. To evaluate the accuracy 
of the model results, the classified output of SVM was compared with the regional alteration map 
(Fig.17). This overlap analysis showed that the model was able to accurately identify the change 
regions, which confirms the effectiveness of the proposed method. In the alteration map of the 
studied area, information about the alterations in the northeast and southwest of the area is not 
reported, and the map includes the northwest and southeast of the area, and the applied algorithms 
have been able to identify the southwest areas as argillic alteration in addition to identifying the 
alteration areas. 
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Figure 17. Validation of the hydrothermal alteration clustering results through overlapping the alteration zones 
identified by the ML method and the alteration map of the study area (Fig.2). The alteration zones obtained from the 
model are displayed in distinct colors: yellow for phyllic alteration, green for propylitic, and pink for argillic. The 
geological units on the map are represented with different patterns (adapted from Fig.2) 

 

After adjusting the C and KernelScale parameters, the model reached a more realistic accuracy 
level of about 96%. According to the confusion matrix, the model achieves an overall accuracy 
value of 96.2 (Table 3). Different classes are identified with different recall rates and average 
precision (Precision). The F1-score value indicates the balance between Precision and Recall for 
each class (Table 4). The values of these indicators indicate that the model was able to separate 
the classes with reasonable accuracy. 

 

Table 3. Confusion matrix of SVM classification on stacked ASTER bands 

Class 4 Class 3 Class 2 Class 1 True Class/ 
Predicted Class 

10 30 50 13200 Class 1 

10 30 2550 60 Class 2 

30 5500 20 50 Class 3 

3300 40 15 20 Class 4 
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Table 4. Hyperparameters and performance metrics of the SVM model on stacked ASTER bands 

F1-
score 

Recal
l 

Precisio
n 

Accurac
y 

Iteratio
n 

Standardiz
e 

KernelFunctio
n 

KernelScal
e 

BoxConstrai
n 

96.1
% 

96.3
% 

96.5% 96.2 100 True RBF 3 5 

 

In the stacked method, multiple spectral bands are utilized, increasing the input information 
available to the model and enhancing class resolution. This enables the identification of a greater 
number of classes; however, it also increases model complexity and the likelihood of classification 
errors. As a result, while this method identifies more alteration classes, its accuracy is slightly 
reduced, averaging around 96%. 

Findings from this investigation reveal that, in the single-band technique, the SVM model obtains 
accuracy around 97–98%, though it is restricted to recognizing merely three classes. The decrease 
in accuracy in the stacked method can be attributed to the higher complexity of the model and the 
increased difficulty in distinguishing between newly introduced spectral classes. 

Thus, the stacked approach is beneficial for identifying a greater number of classes, even if it leads 
to a slight reduction in classification accuracy. In contrast, the single-band method trains the model 
using only a specific spectral band, which limits the number of classification classes. This reduces 
model complexity and enhances accuracy, as the feature space is smaller and class boundaries are 
more easily dened. 

Table 5 presents a comparative analysis of the SVM model’s performance when applied to single-
band and stacked-band datasets, highlighting the trade-offs between class diversity and 
classification accuracy. 

 

Table 5. Comparison of single-band and stacked-band methods for alteration mapping 

Stacked Bands method Single Band method Feature 

K=4 K=3 Num Classes 

96% 97-98% Accuracy 

Six spectral bands  (SWIR4-

SWIR9) 

A spectral band Inputs feature 

More, more complicated Less, simpler Class separation 

More Less Model complexity 
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5.7.Field verification  

Most of the rock units of the Zafarghand region have been strongly altered under the influence of 
hydrothermal solutions, and the resulting area of alteration covers an area of about 7 km2, part of 
which is covered by sediments. Figs.18, 19 and 20 show field images, rock samples and thin 
sections of alteration zones in the study area. Fig.18 shows siliceous veins with copper 
mineralization in granodiorite rocks with intense potassic alteration, diorite rocks with strong 
potassic alteration, hand samples of porphyritic dacites with intense phyllic alteration, and 
hematite-quartz stockworks in phyllic alteration in the southern area of Zafarghand. Fig.19 shows 
the outcrop of phyllic and propylitic alteration, the outcrop of argillic and propylitic alteration, the 
microscopic image of the dacites of the argillic zone in polarized light, and the microscopic image 
in reflected light showing the transformation of biotite into copper sulfide in the propylitic zone. 
Fig.20 shows zones of secondary iron oxides in areas of copper mineralization, siliceous veins and 
their surrounding alteration, and quartz-magnetite veins and stockworks with malachite 
mineralization and iron oxide/hydroxide. 

 

Figure 18. Field images of alterations in the study area (Ghannadpour et al., 2024). (a): Siliceous veins containing 
copper mineralization in granodiorite rocks with intense potassic alteration (distant view), (b): Diorite rocks with 
intense potassic alteration (close view), (c): Hand samples of porphyritic dacites showing intense phyllic alteration, 
and (d): Hematite-quartz stockworks in phyllic alteration in the southern area of Zafarghand 
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Figure 19. Microscopic and field images of rocks from the Zafarghand exploration area (Ghannadpour et al., 2024). 
(a): Outcrop of phyllic and propylitic alteration, (b): Outcrop of argillic and propylitic alteration, (c): Microscopic 
image of argillic zone dacites in polarized light, and (d): Microscopic image in reflected light corresponding to the 
conversion of biotite to copper sulfide in the propylitic zone. (F-Kao: Feldspar altered to kaolinite, Mgh: Magnetite, 
Bt: Biotite and Bor: Bornite) (Whitney and Evans, 2010) 

 

Figure 20. (a): Representation of zones with secondary iron oxides in copper mineralization areas (Esmailzadeh 
Kalkhoran et al 2024), (b): Siliceous veins and their surrounding alterations (Esmailzadeh Kalkhoran et al 2024), and 
(c) & (d): Close-up view of quartz-magnetite veins and stockworks displaying malachite mineralization and iron 
oxide/hydroxide (Ghannadpour et al., 2024) 
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In addition to field observations, petrographic studies provide clear evidence of phyllic and 
propylitic alteration in the Zafarghand region. In the photomicrographs shown in Fig.21, 
plagioclase phenocrysts—comprising approximately 25–30% of the rock volume—are extensively 
altered to secondary minerals such as chlorite, epidote, sericite, and kaolinite. The simultaneous 
presence of sericite and kaolinite indicates phyllic alteration (Fig.21a), while epidote and chlorite 
suggest propylitic alteration (Fig.21b). This petrographic evidence is entirely consistent with field 
data and the regional hydrothermal alteration model, supporting the potential presence of porphyry 
systems. 

 

Figure 21. Petrographic images of altered samples in the Zafarghand region (a): Altered dacite porphyry texture with 
the presence of plagioclase phenocrysts altered to sericite and kaolinite, indicative of phyllic alteration and (b): 
Plagioclase altered to chlorite and epidote in an andesite matrix, indicating propylitic alteration (Aminoroayaei Yamini 
et al 2017) 

4. Discussion 

The present study employs ASTER sensor data and ML techniques for clustering and classifying 
alteration areas occurring across the region. ML techniques, whether supervised or unsupervised, 
are robust methods for managing and analyzing large datasets through classification and clustering. 
Combining these techniques leads to more accurate and reliable outcomes. This study aims not 
only to evaluate the performance of the algorithms individually and in combination, but also to 
identify alterations within the study area. In addition, the DNs of the satellite images and the impact 
of the different stages, including pre-processing and primary processing, on the overall analysis 
are examined. The comprehensive approach allows a detailed assessment of how the pre-
processing and main processing steps affect the quality and accuracy of the results and provides a 
deeper understanding of their influence on alteration detection and classification. 

In this work, the objective was to determine the capabilities of ML algorithms for mineral 
exploration purposes. In supervised algorithms, the model requires training patterns to learn and 
subsequently classify or cluster the original inputs. In this study, outputs from the K-Means 
clustering algorithm served as training data for the model, and this procedure enhanced the overall 
accuracy achieved by the algorithm. The study was conducted in a small study area, which allowed 



Accepted manuscript (author version) 
 

This article has license CC BY 4.0 https://creativecommons.org/licenses/by/4.0/ 

for a more focused analysis and higher precision of the results. As mentioned, reducing both study 
area extent and image resolution showed no impact on the DNs. Instead, the smaller area allowed 
for a higher degree of focus, suggesting that higher accuracy can be achieved compared to larger 
areas. 

Validation of results is a crucial and fundamental aspect of satellite image processing, ensuring 
that the performance of the algorithm is accurately evaluated. In this study, various criteria for 
evaluating the models were examined, and the results were satisfactory and acceptable. This 
indicates that the algorithms were applied correctly and successfully identified the target of 
investigating porphyry Cu alteration in the region. The algorithms showed high accuracy in 
detecting these alterations. The alteration map of the region was used for validation, although 
ground data and drilling samples, which would have been ideal, were unfortunately not available 
for this study. Outcomes from this study show that the combination of ML approaches yields more 
precise results. These methods can be used effectively for the classification of satellite images. 
The comparison of ML methods in this study shows that while single-band SVM achieved the 
highest accuracy (97-98%), stacked-band SVM (96.2%) identified more alteration classes. 
Additionally, SAM + FCM clustering effectively detected overlapping alteration zones, enhancing 
mineral exploration maps. These results highlight the trade-off between accuracy and the ability 
to capture complex alteration patterns. An important application of these techniques is mineral 
exploration, assessment of mineral potential, and identification of hydrothermal alteration, such as 
porphyry Cu alteration. In this study, these methods were successfully applied to identify such 
alterations in the Zafarghand exploration area. One of the key challenges in alteration mapping is 
detecting areas where different alteration types overlap. This study addressed this issue by 
integrating FCM clustering with SAM, allowing each pixel to belong to multiple alteration types. 
This approach effectively highlighted overlapping alteration zones, which were less 
distinguishable in traditional classification methods. The ability to map such complex geological 
features is critical for enhancing the reliability of mineral exploration models. 

Although the ASTER SWIR bands have a spatial resolution of 30 meters—which can lead to issues 
such as spectral noise, mixed pixels, and limited detection of small-scale features—a careful 
selection of a limited study area and the implementation of preprocessing steps, including 
radiometric calibration and IARR normalization, have significantly mitigated these challenges. 
These measures enhanced the spectral uniformity of the data and reduced the effects of 
illumination and topographic variations. To further improve the accuracy of classification and the 
separation of overlapping alteration zones, the SAM algorithm was combined with the FCM 
clustering. This soft classification approach facilitated more effective differentiation of transitional 
zones.  Although the evaluation of results using alteration maps and field observations 
demonstrated satisfactory accuracy, future studies could benefit from the use of higher-resolution 
hyperspectral data or the integration of geophysical information such as LiDAR and 
magnetometry. These additions could enhance the detection of alteration features and improve the 
assessment of mineral potential. 
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5. Conclusions 

The study employed ML on ASTER SWIR bands to delineate alteration zones of porphyry Cu 
deposits. The DNs from the selected bands were analyzed through K-Means clustering. Using this 
technique, similar pixels were grouped based on their spectral characteristics, and the quality of 
the clustering was assessed using the silhouette index. This index is a measure of how well each 
pixel was clustered and indicates the effectiveness of the clustering process. In the subsequent 
phase, the SVM model was used for classification tasks. The model was trained with a dataset, and 
the hyperparameters were optimized to improve the prediction accuracy. After training, the SVM 
model was used to predict labels for test data, and the accuracy of these predictions was evaluated. 
The model’s performance was described through the use of confusion matrices. It was found that 
the SVM achieved an accuracy of 98.652% for the SWIR4 band, 97.899% for the SWIR5 band, 
and a high overall accuracy of 98.25% for the other bands. The K-Means clustering method was 
less accurate, but achieved an accuracy of 78.83%. In this study, K-Means clustering was 
employed as a preprocessing method to generate initial labels, which were then used as training 
data for the SVM model to perform the final classification. This approach improved the 
generalization capability of the model while reducing the need for manual data labeling. While K-
Means method is an unsupervised clustering method that groups data based on spectral similarity, 
the SVM model operates as a supervised classifier that can define nonlinear boundaries using 
kernel functions. The use of K-Means clustering labels for training SVM resulted in SVM 
producing outputs similar to K-Means clustering, but with the added advantage of better class 
separation, particularly in overlapping areas. The findings of this research indicate that both K-
Means clustering and SVM algorithms deliver satisfactory results. In particular, the SVM model 
showed exceptional accuracy in predicting the labels after optimizing the hyperparameters.  

To identify areas where alteration zones overlapped, a combination of SAM and FCM clustering 
was applied. Unlike K-Means, the FCM clustering allows each pixel to belong to multiple classes 
simultaneously, making it highly effective in highlighting alteration zones with spectral overlap. 
The integration of these two methods demonstrated high accuracy in delineating alteration zones 
when compared to the regional alteration map, confirming its effectiveness in enhancing the 
detection of complex alteration patterns. Additionally, the SVM model applied to the stacked 
dataset achieved an accuracy of 96.2%, which, although slightly lower than single-band accuracy, 
allowed for the identification of more alteration classes, making it a valuable approach for 
comprehensive mineral mapping. 

Furthermore, the study highlights the importance of selecting appropriate pre-processing 
techniques and optimizing ML models to achieve high accuracy. The success of the SVM model 
suggests that similar methods could be applied to multispectral and hyperspectral remote sensing 
data to achieve more accurate and insightful analysis. Future research could benefit from 
integrating additional data sources or exploring advanced ML techniques to further improve the 
capabilities of remote sensing image processing for mineral exploration. 
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