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Abstract 
Accurate mineral mapping in structurally complex terrains is essential for effective resource exploration. 
This study investigates the application of ASTER satellite imagery integrated with spectral processing 
techniques and supervised machine learning algorithms to identify key industrial minerals in the 
Semirom kaolin deposit, located in the Zagros fold-and-thrust belt, Iran. Methods applied include Band 
Ratio (BR), Relative Band Depth (RBD), spectral indices, Principal Component Analysis (PCA), 
Directed PCA (DPCA), Band Ratio Color Composite (BRCC), Random Forest (RF), and Support 
Vector Machine (SVM). Field surveys and X-ray diffraction (XRD) analyses were used for ground 
validation. Kaolinite-rich horizons were reliably delineated using the Kaolinite Index (KLI), PCA, 
DPCA, and both machine learning classifiers, with SVM achieving an overall accuracy of 77.2% (Kappa 
= 0.67) and outperforming RF (69.1%, Kappa = 0.55). Calcite was best detected using DPCA applied 
to SWIR bands in combination with the Calcite Index (CLI), while hematite was only partially 
discriminated in mixed-pixel zones through BR and SVM classification. Major limitations included 
spectral overlaps between minerals, erosional cover, and mixed-pixel effects caused by heterogeneous 
surface conditions. The results highlight the potential of integrating ASTER data with advanced image 
processing and machine learning as a cost-effective and reliable framework for preliminary exploration 
of clay-rich deposits. Furthermore, kaolinitic horizons at the Ilam–Sarvak boundary coincide with 
known bauxite occurrences. 
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Introduction 
 
Kaolin represents a significant group of 1:1 layered phyllosilicate minerals within the 
tetrahedral–octahedral sheet structure. This group encompasses several polymorphs of similar 
chemical composition but distinct crystallographic arrangements, including kaolinite 
(Al₂Si₂O₅(OH)₄), dickite (Al₂Si₂O₅(OH)₄), nacrite (Al₂Si₂O₅(OH)₄), and the hydrated form 
halloysite (Al₂Si₂O₅(OH)₄·2H₂O). The subtle structural differences among these polymorphs 
strongly influence their physical properties, industrial applications, and geological occurrence, 
rendering kaolin deposits an important target in both economic geology and resource 
exploration. These minerals typically form through processes such as chemical weathering, 
hydrothermal alteration, or sedimentary deposition of parent rocks including granite, rhyolite, 
and volcanic tuffs. Owing to its white color, softness, and distinctive physicochemical 
properties, kaolin is widely utilized in the ceramics, paper, paint, plastics, rubber, fiberglass, 
and cement industries. Specific varieties have specialized applications: bauxitic kaolin in 
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refractories, micaceous kaolin in ceramics, and dispersible types in pigments. The economic 
significance of kaolin is largely determined by its purity, textural characteristics (e.g., hardness, 
dispersibility, plasticity), and extraction techniques (Ece & Ercan, 2024). 
    In Iran, karst-type bauxite deposits, enriched in alumina (Al₂O₃), titania (TiO₂), and high-
field-strength-element (HFSE)-bearing minerals such as zircon (ZrSiO₄), tourmaline 
(Na(Mg,Fe)₃Al₆(BO₃)₃Si₆O₁₈(OH)₄), and rutile (TiO₂), are distributed across four major 
regions: (1) the Sanandaj-Sirjan Zone, with Permo-Triassic and Late Triassic deposits in Bukan 
and Kanshiteh; (2) the Zagros Fold Belt, hosting Upper Cretaceous and Triassic occurrences in 
Mandan, Deh-now, Sarfaryab, and Dopolan; (3) the Alborz Mountains, containing Upper 
Triassic deposits in Tilabad and Jajarm; and (4) the Central Iranian Plateau, with Upper Triassic 
and Permo-Triassic deposits in Bazargan and Balbaloyeye. These deposits developed under hot 
and humid Phanerozoic climatic conditions through intense weathering of carbonate rocks and 
subsequent karstification. The Semirom kaolinite-bauxite deposit in Isfahan Province shares a 
geological affinity with these karst-type bauxites; however, due to inadequate conditions for 
complete bauxitization, it is characterized by limited bauxite horizons and extensive kaolin 
layers, which form the primary ore. Owing to its refractory characteristics, this deposit 
represents one of the key refractory raw material sources in Iran (Khaledi, 2022). 
    Despite the abundance of kaolinite-bauxite deposits in the Zagros region and their close 
geological affinities, the application of remote sensing techniques for their detection has 
remained limited. The present study applies remote sensing methods to identify previously 
unrecognized kaolin deposits. 
    The identification and classification of mineralogical features at various scales represent a 
critical endeavor in both geological studies and mineral exploration. Over the past two decades, 
significant advancements in satellite remote sensing technologies, particularly the Advanced 
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) sensor aboard the TERRA 
satellite, have considerably enhanced the ability to achieve this objective. ASTER’s superior 
spatial resolution and spectral capabilities provide high-quality datasets that are indispensable 
for geological investigations (Shebl et al., 2023; Sikakwe, 2023). 
    While primary rock-forming minerals such as quartz (SiO₂) and feldspar 
((K,Na,Ca)(Al,Si)₄O₈) exhibit minimal absorption features in the visible and near-infrared 
(VNIR) and Shortwave Infrared (SWIR) ranges, they present significant molecular absorption 
characteristics in the thermal infrared (TIR) range. This, coupled with the high spectral and 
spatial resolution of ASTER, makes it an invaluable tool for mapping silicate and carbonate 
rock formations, volcanic studies, urban environmental analysis, lithological mapping, and 
coastal ecosystem monitoring (Mohamed et al., 2021). 
    The ongoing development of advanced ASTER data processing methodologies for the 
identification of carbonate, silicate, and mafic rock units is a pivotal aspect of geological remote 
sensing. Furthermore, the enhanced delineation of clay minerals, particularly kaolinite, which 
serves as a key indicator of argillic alteration, is of paramount importance for exploring metallic 
mineral deposits (Esmaeilzadeh et al., 2023; Abdelkareem et al., 2024; Habashi et al., 2024; 
Hajaj et al., 2024; Islam et al., 2024). 
    Recent studies have demonstrated that remote sensing data plays a significant role in the 
identification and delineation of non-metallic mineral deposits and industrial clays such as 
kaolinite, bentonite, phosphate, talc, and gypsum (Shuai et al., 2022; Canbaz & Karaman, 2024; 
Jain & Bhu, 2024). These findings indicate that remotely sensed information can be effectively 
used to pinpoint mineralized zones, prioritize exploration targets, and reduce the cost of field-
based investigations. This knowledge is particularly valuable in regions with limited 
accessibility or sparse geological data, where it serves as a strategic tool during early-stage 
exploration and supports more informed technical and economic decision-making. The growing 
application of remote sensing in geological investigations (particularly in the exploration of 



 

industrial clay deposits such as kaolin) highlights the need to assess and compare different 
spectral processing techniques in order to identify the most effective approach for future studies. 
This study explores the potential of ASTER satellite imagery combined with advanced spectral 
analysis techniques for detailed mineral mapping of the Semirom kaolin deposit in the Zagros 
fold-and-thrust belt, southwestern Iran. Spectral methods, including Band Ratio (BR), Relative 
Band Depth (RBD), Spectral Indices (SI), Principal Component Analysis (PCA), Directed 
Principal Component Analysis (DPCA), and Band Ratio Color Composite (BRCC), were 
employed to identify key industrial minerals such as kaolinite, calcite (CaCO₃), and hematite 
(Fe₂O₃). The results were used to generate reference datasets for training machine learning (ML) 
algorithms including Random Forest (RF) and Support Vector Machine (SVM) to delineate the 
spatial distribution of the target minerals. Remote sensing outputs were validated through field 
observations and X-ray diffraction (XRD) analyses, and classification performance was 
assessed using confusion matrices and the Kappa coefficient. In this context, the study pursues 
three main goals: (1) to identify and map key indicator minerals in the Semirom kaolin deposit 
using ASTER data, (2) to evaluate and compare the effectiveness of widely used spectral 
analysis techniques in delineating clay minerals and associated alteration patterns, and (3) to 
propose the most suitable remote sensing method for future applications in similar geological 
settings, thereby enhancing accuracy, reducing exploration costs, and supporting more efficient, 
targeted mineral exploration. 
 
Geological Settings 
 
The study area is located approximately 27 km southwest of Semirom city, within the High 
Zagros structural zone and specifically the Semirom subzone (Navaei & Mahdizadeh Tehrani, 
1986). The Semirom clay deposit extends between 51°15′22″ to 51°34′56″ E and 31°09′40″ to 
31°21′15″ N, as indicated on the 1:100,000-scale geological map of Kuh-e-Dena, near Posht-e 
Village. The deposit covers an area of about 30 km² and is accessible primarily via the 
Semirom-Yasuj road. 
    The stratigraphy of the region comprises Cretaceous formations (Darian, Kazhdumi, Sarvak, 
Ilam, and Gurpi), the Maastrichtian Tarbur Formation, the Pliocene Bakhtiari Formation, and 
Quaternary deposits (Alavi et al., 1996; Sedaghat & Gharib, 1999). The Dena Fault, characterized 
by thrusting and dextral strike-slip displacements, has exerted a major influence on the tectonic 
evolution of the area (Pattinson & Takin, 1971; Berberian, 1976; Comby et al., 1977). 
    Of particular geological importance is the Ilam Formation, which contains a clay-laterite 
horizon at its contact with the underlying Sarvak Formation. This horizon records a sedimentary 
hiatus accompanied by intense weathering, during which kaolinitic materials accumulated within 
voids, cavities, and karstic structures of the carbonate units. In some parts of the Zagros, this 
horizon locally developed into bauxitic layers under conditions of enhanced weathering and 
favorable physicochemical environments, reflecting advanced lateritization processes in warm 
and humid paleoclimates during the Late Cretaceous (Zamanian et al., 2016; Ahmadnejad et al., 
2017; Ahmadnejad & Mongelli, 2023; Taghipour et al., 2024; Ahmadnejad & Rafat, 2025).  
    The tectonic framework of Iran, including its principal structural zones, is illustrated in 
Figure 1a to provide regional geological context. A more detailed overview of the Zagros 
orogenic belt is shown in Figure 1b, where the Semirom study area is marked with a black star. 
 Furthermore, a simplified 1:100,000-scale geological map of the Kuh-e Dena quadrangle 
illustrates the local lithological framework (Figure 1c; Sedaghat & Gharib, 1999). where the 
kaolin horizon is marked with the code "CK". 
    The Semirom kaolin deposit lies at the unconformable contact between Upper Cretaceous 
carbonate units specifically the underlying Sarvak and overlying Ilam formations. Geochemical 
analyses of similar Upper Cretaceous deposits in the High Zagros structural zone indicate 



 

tropical weathering conditions (Ahmadnejad & Mongelli, 2023). The lower unit beneath the 
kaolin layer comprises interbedded limestones and calcareous shales, determined through 
microfossil analysis to belong to the Middle Cretaceous (Sarvak Formation). The upper unit 
consists of a dark grey fossiliferous limestone (~30–40 m thick), characterized by ammonite 
and rudist fossils, corresponding to the Middle Cretaceous Ilam Formation. The kaolin layer is 
hosted at the unconformity between these two formations (Salamab-Ellahi et al., 2019). 
 

 
Figure 1. (a) Structural framework map of Iran illustrating the major tectonic zones  (modified from 
Arjmandzadeh et al., 2022; after Arjmandzadeh et al., 2011; Berberian & King, 1981; Richards et al., 
2012). (b) Detailed view of the Zagros structural zone, with the study area highlighted by a black star, 
showing its geographic location and surrounding topography. (c) Simplified 1:100,000-scale geological 
map of Kuh-e Dena illustrating the spatial distribution of stratigraphic units and the kaolinite-bearing 
horizon (CK) (modified from Sedaghat & Gharib, 1999) 
 



 

    The deposit comprises three major kaolinitic horizons: (a) the red clay horizon, distinctly 
colored due to high hematite (Fe₂O₃ ≈ 17.3%) content and lacking industrial value; (b) the main 
kaolin horizon, composed predominantly of kaolinite and anatase (TiO₂), with minor 
muscovite-illite and goethite (FeO(OH)) also detected in some samples. This unit includes Fe-
rich bands with Fe₂O₃ concentrations ranging from 6% to 42%, significantly impacting ore 
quality; (c) the overlying marl–limestone interbedded horizon, characterized by diverse 
mineralogy including calcite (CaCO₃), kaolinite, illite ((Al,Mg,Fe)₂(Si,Al)₄O₁₀[(OH)₂,(H₂O)]), 
muscovite (KAl₂(Si₃Al)O₁₀(OH,F)₂), anatase, quartz, and goethite. Petrographic and XRD 
analyses further indicate the scattered presence of boehmite (Al₂O₃·H₂O) within the kaolin 
horizon. A schematic stratigraphic column illustrating the mineralized unit’s position is 
presented in Figure 2 (Khaledi, 2022). 
    Historically, the ore was mined using underground techniques, but due to safety concerns, 
the current operation is conducted via open-pit methods, incorporating blasting and manual ore 
sorting on-site. The laterally continuous kaolin horizon, coupled with moderate variations in 
thickness and mineral composition, reflects a stable depositional setting during the formation 
of the deposit. 
 
Materials & methods 
 
Materials 
 
The ASTER dataset used in this study was acquired on July 28, 2002, with a Level 1T (L1T) 
processing level. The granule ID is AST_L1T_00309262002072809_20150425085934_53682, 
provided by the United States Geological Survey (USGS) through the Earth Explorer platform 
(https://earthexplorer.usgs.gov/). The image was later radiometrically and geometrically 
corrected by USGS on April 25, 2015. ASTER, onboard the Terra satellite, collects 
multispectral data in three subsystems: the VNIR (3 bands), SWIR (6 bands), and TIR (5 bands). 
The dataset used in this study corresponds to Path 165 and Row 39, with zero cloud coverage, 
making it highly suitable for geological remote sensing applications. 
 
Methodology 
 
ASTER Level 1T data were utilized to map the distribution of clay minerals, carbonate 
minerals, and iron oxides in the study area (Figure 4). The SWIR bands of ASTER are affected 
by the well-documented “Crosstalk Effect,” which results from energy spillover from Band 4 
into Bands 5 and 9, leading to anomalously high radiance values (Jain et al., 2022). The dataset 
used in this study was pre-processed using the Crosstalk correction method (USGS, 2022). To 
remove atmospheric distortions and convert radiance to surface reflectance, the Internal 
Average Relative Reflectance (IARR) method was applied, which is particularly suitable for 
arid and semi-arid regions (Rani et al., 2017).  
    ASTER data, which cover a broad spectrum from the VNIR to SWIR and TIR ranges, enable 
the identification of distinct absorption features of minerals and rocks across a wide range of 
wavelengths. The spatial resolution of these bands (15 meters for VNIR, 30 meters for SWIR, 
and 90 meters for TIR) combined with a 60 km swath width per image, facilitates detailed 
lithological mapping and comprehensive geological analysis at multiple scales (Alarifi et al., 
2022). Table 1 summarizes the specifications of the ASTER sensor, including the wavelength 
ranges of its various spectral bands. 
    Figure 3 illustrates the spectral behavior of key minerals, including kaolinite, hematite, and 
calcite, across the ASTER sensor bands, using reference spectra from the USGS spectral library. 

 



 

Table 1. Sensor characteristics of ASTER instruments (Rajendran & Nasir, 2017). 
Sensor's characteristics ASTER   

 VNIR SWIR TIR 
Spectral bands with range 

(µm) 
Band 01 0.52–0.60 Band 04 1.6–1.7 Band 10 8.125–8.475 

 Nadir looking   
 Band 02 0.63–0.69 Band 05 2.145–2.185 Band 11 8.475–8.825 
 Nadir looking   
 Band 03N 0.76–0.86 Band 06 2.185–2.225 Band 12 8.925–9.275 
 Nadir looking   
 Band 03B 0.76–0.86 Band 07 2.235–2.285 Band 13 10.25–10.95 
 Backward looking Band 08 2.295–2.365 Band 14 10.95–11.65 
  Band 09 2.36–2.43  

Spatial Resolution (m) 15 30 90 
Swath width (km) 60 60 60 

Radiometric Resolution 
(bits) 

8 8 12 

Cross Track Pointing ± 318 km (± 24 deg) ± 116 km (± 8.55 deg) ± 116 km (± 8.55 deg) 

 

 
Figure 2. Schematic  stratigraphic section of the Semirom kaolin deposit, illustrating the position of the 
kaolinitic layer at the unconformable boundary between the Sarvak and Ilam limestone formations, 
along with descriptions of the main horizons including the red clay horizon, the kaolin horizon, and the 
marl-limestone horizon (Khaledi, 2022) 
 



 

 
Figure 3. Laboratory spectra of minerals from hydrothermal alteration zones, including kaolinite, 
hematite, and calcite, obtained from the USGS Spectral Library (modified from Rajendran & Nasir, 
2017) 
 
    A combination of spectral analysis techniques (including BR, RBD, Spectral Indices, PCA, 
DPCA, and Band BRCC) was applied to ASTER imagery to extract mineralogical information 
and discriminate among major industrial minerals, including kaolinite, calcite, and hematite. 
    The outputs of these spectral analyses were integrated to generate reference datasets, which 
were subsequently used as training inputs for supervised machine learning modeling in SAGA 
9.9.1 software. Using these datasets, RF and SVM algorithms were applied to delineate the 
spatial distribution and extent of the target mineral phases. 
    Validation of the remote sensing–derived mineral maps was conducted through field studies 
across representative lithological units, and collected samples were analyzed using XRD at 
ZarAzma Laboratory (Iran) to determine their mineralogical composition and confirm the 
presence of clay minerals, iron oxides, and carbonate phases. Field and laboratory data were 
jointly used to ground-truth and refine interpretations derived from satellite imagery. The 
accuracy and reliability of mineral discrimination were quantitatively assessed using confusion 
matrices and the Kappa coefficient, providing a robust evaluation of the applied methodological 
framework (Figure 4). 
 
Image processing algorithms 
 
Band ratios (BR) and relative band depth (RBD) and Spectral Indices (SI) 
 
The BR technique is based on selecting specific wavelengths where target minerals show 
diagnostic absorption or reflection characteristics, thereby allowing for targeted enhancement 
of mineral groups (Thurmond et al., 2006). Alternatively, the RBD approach involves 
calculating the ratio between spectral bands located on either side of an absorption feature 
(numerator) and the band representing the absorption minimum (denominator), which enables 
more accurate detection of minerals by incorporating absorption depth and normalizing 
illumination variability (Huo et al., 2014; Yan et al., 2014; Sengar et al., 2020). 



 

 
Figure 4. Schematic workflow of the present study. ASTER data were processed using BRCC, BR, PCA, 
and DPCA techniques within ENVI 5.3 and ArcGIS 10.8.2. The resulting outputs were validated through 
field observations and geochemical analyses, and subsequently used as training datasets for RF and SVM 
algorithms in SAGA 9.9.1. Model performance was assessed via confusion matrices and the Kappa 
coefficient, and final results were further verified through anomaly evaluation and field-based validation 
 
    Iron-rich lithologies typically exhibit absorption in the visible range, whereas minerals 
containing hydroxyl groups (e.g., clays) and carbonates show characteristic absorptions 
between 2.1 and 2.5 µm due to vibrational overtones and combinations. ASTER's bands 5 and 
6 are sensitive to Al–OH absorptions (2.17–2.20 µm), while band 8 is suitable for detecting 
Mg-OH and CO₃²⁻ features around 2.33 µm (Jain, 2022). 
    Spectral indices in remote sensing are mathematical formulations involving specific spectral 
bands to highlight diagnostic features of certain minerals. These indices are designed based on 
known absorption or reflectance properties within particular wavelength ranges and have been 
applied for the detection of minerals such as calcite, quartz, and kaolinite. The Calcite 
Likelihood Index (CLI) , defined as (CLI) = (b6/b8)×(b9/b8), utilizes ASTER SWIR bands to 
emphasize spectral absorption features associated with calcite around 2.33–2.35 µm 
(Ninomiya, 2003). For kaolinite, the Kaolinite Index (KLI) is expressed as (KLI) = 
(b4/b5)×(b8/b6), targeting absorption features near 2.2–2.3 µm (Ninomiya et al., 2005). Quartz 
can be detected using thermal infrared indices such as (QI) = (b11+b12)/b10, which leverage 
the high emissivity of quartz between 8.5 and 9.5 µm. These indices are selected based on the 
spectral behavior of the target minerals and the capabilities of the imaging sensor, and they are 
commonly used to delineate alteration zones in mineral exploration (Rajendran & Nasir, 2017). 
    In this study, various BR, RBD, and spectral indices methods were applied to the 
atmospherically corrected ASTER data to map key industrial minerals, within the Semirom 
kaolin deposit (Table 2). 
 
Principal Component Analysis (PCA) and Directed Principal Component Analysis (DPCA) 
 
The PCA is a widely used statistical technique for reducing the dimensionality of multispectral 
data by transforming correlated spectral bands into a set of uncorrelated variables, referred to 
as principal components (PCs) (Sekandari et al., 2022).  



 

Table 2. Description of BRs, RBDs and Spectral indices of the ASTER data used for mapping along 
with the characteristic spectral absorption features 

No. Mineral Group Formula Reference 
VNIR & SWIR bands 
Band Ratio (BR)  

1. Ferric iron oxides, Fe3+ (b2/b1) 
(Rowan & Mars, 
2003) 

2. Fe + Al rich (Laterite) (b4/b5) 
(Hewson et al., 
2005) 

Relative Band Depth (RBD) 

3. Alunite–kaolinite–pyrophyllite (b4 + b6)/b5 
(Rowan & Mars, 
2003) 

4. Carbonate–chlorite–epidote (b7 + b9)/b8 
(Rowan & Mars, 
2003) 

Spectral Indices 

5. Kaolinite (KLI) = (b4/b5) × (b8/b6) 
(Ninomiya et al., 
2005) 

6. Calcite (CLI) = (b6/b8) × (b9/b8) (Ninomiya, 2003) 
 
    This transformation is based on the covariance or correlation matrix and helps to eliminate 
redundant information while retaining the primary features of the dataset (Reyment & Davis, 
1988). PCA has been extensively utilized in lithological discrimination and hydrothermal 
alteration mapping and is particularly effective in minimizing the interference of surface cover 
such as vegetation (Kaufmann, 1988). However, conventional PCA may lead to suboptimal 
results when certain spectral bands that do not contribute significantly to the discrimination of 
target features are included in the analysis. To address this limitation, the DPCA technique was 
introduced by Crosta & M. Moore (1998). DPCA involves the selective use of spectral bands 
that exhibit the most diagnostic absorption or reflectance features associated with specific 
mineral phases. This selective approach enhances the sensitivity of the method to the desired 
geological targets and improves the interpretability of the outputs. 
    In this study, the DPCA method was applied to atmospherically corrected ASTER data for 
the identification of clay minerals, carbonates, and iron oxides. Relevant spectral bands were 
carefully selected based on their known diagnostic features for the target minerals. The resulting 
PCs were analyzed using eigenvector loadings to determine the components that most 
effectively differentiate the spectral response of the mineral groups. These optimized PCs were 
then used to support the mapping of lithological variations and surface mineral distribution in 
the study area. 
 
Band Ratio Color Composite (BRCC) 
 
The BRCC method is a widely adopted image enhancement technique in remote sensing for 
mineral exploration, particularly effective with ASTER imagery due to its rich spectral 
coverage in the VNIR and SWIR regions. This method involves computing spectral band ratios 
that emphasize specific mineralogical absorption features (such as Fe³⁺, Al–OH, Mg–OH, and 
CO₃²⁻) by reducing topographic and illumination effects through normalization of reflectance 
values ( Rowan & Mars, 2003; Kanlinowski & Oliver, 2004). Selected band ratios (e.g., b2/b1 
for iron oxides, (b4+b6)/b5 for Al–OH-bearing clays, b8/b5 for chlorite) are assigned to the 
red, green, and blue channels to create a false-color composite that visually enhances 
hydrothermal alteration zones (Madani & Emam, 2011; Tende et al., 2022). This approach 
enables rapid and intuitive discrimination of lithological and alteration units, often serving as a 
preliminary tool prior to more advanced classification techniques such as PCA or SAM (Salehi 
et al., 2019). The simplicity, computational efficiency, and interpretability of BRCC make it 
particularly useful in regional reconnaissance and early-stage mineral prospecting. 



 

Implementation of Machine-Learning (ML) Algorithms  
 
Machine learning, as a contemporary approach for geological and remote sensing data analysis, 
facilitates the extraction of complex patterns and nonlinear relationships among variables, 
making it a powerful tool for the identification and discrimination of mineralogical units. In 
this study, datasets derived from ASTER imagery processed using BR, BRCC, PCA, and DPCA 
techniques were compiled as training data. These datasets were then applied within supervised 
classification frameworks, specifically RF and SVM, to detect spectral patterns associated with 
clay minerals, carbonates, and iron oxides, and to generate mineralogical maps of the study area 
with enhanced accuracy. 
 
Training Data and Machine Learning for Mineral Mapping 
 
Considering the limited outcrops of the mineralized material within the study area and the 
relative homogeneity of the geological background, a total of 14 samples were collected from 
different units of the deposit. In addition to sampling, systematic field surveys were conducted, 
resulting in the identification and registration of 149 reference points. These points, with well-
characterized mineralogical composition, were used as baseline geological data for machine 
learning modeling. The accuracy and reliability of these data were evaluated and confirmed 
through targeted field observations and petrographic analysis of thin sections. 
    Among the collected points, 31 were assigned to kaolin layers and identified as representative of 
kaolinite. 51 points corresponded to the Ilam–Sarvak limestone units and were registered as 
representative of calcite. In parts of the kaolin deposit floor, 15 points were collected from red clay 
layers, which, due to enrichment in hematite, caused the kaolin to acquire a reddish color, forming 
a distinct horizon. Additionally, to improve classification accuracy and prevent misattribution of 
other background units to the three main categories, 52 points were defined as background. 
    Figure 5 shows the sampling points and geological study stations. In this figure, sampling 
locations are indicated by green circles, limestone outcrops representing calcite accumulation 
are shown as yellow diamonds, kaolin layer outcrops are marked with blue stars, red clay layers 
containing kaolinite and hematite are indicated with red flags, and other points representing 
background are shown with black symbols. 
    Subsequently, the prepared training dataset was introduced to RF and SVM algorithms. In this 
study, a combination of ASTER spectral bands along with extracted features was used as input 
to the models, enabling accurate discrimination and mapping of the target mineralogical units. 
 
Random Forest (RF) 
 
The RF, developed by Breiman (2001), is an ensemble, tree-based learning algorithm and a 
robust non-parametric method widely used for addressing various data mining problems. 
Compared to single decision trees (DTs), RF is less sensitive to outliers and can accommodate 
diverse input data without overfitting. The algorithm constructs multiple DTs from randomly 
selected subsets of the training data. While DTs often suffer from overfitting due to their 
tendency to closely fit the training data (Gallatin & Albon, 2023), RF mitigates this issue by 
aggregating the outputs of individual trees. Specifically, RF employs averaging for regression 
tasks and majority voting for classification tasks (Dangeti, 2017), thereby improving predictive 
accuracy and reducing overfitting. 
 
Support Vector Machine (SVM) 
 
The SVMs, formally introduced by Cortes & Vapnik (1995), are advanced supervised machine 
learning algorithms extensively employed for both classification and regression tasks (Bahrami 



 

et al., 2022). The fundamental principle of SVM is to identify an optimal hyperplane that 
maximally separates the training data into predefined classes. This decision boundary is 
determined iteratively during the training process to minimize misclassification and enhance 
generalization. In high-dimensional feature spaces, the resulting hyperplane represents an 
(n−1)-dimensional subspace within an n-dimensional input space (Mountrakis et al., 2011). 
    A critical aspect of SVM is that only a subset of the training samples, termed support vectors, 
directly determines the position and orientation of the hyperplane. For datasets that are not 
linearly separable, SVM employs kernel functions to project input data into higher-dimensional 
spaces, thereby improving separability (Bahrami et al., 2024). Among the various kernel 
options, the radial basis function (RBF) kernel is widely adopted due to its effectiveness in 
capturing complex nonlinear relationships and enhancing model performance in nonlinear 
classification and regression scenarios (Dangeti, 2017). 
 
Accuracy Assessment 
 
A confusion matrix is commonly employed to evaluate the performance of classification 
algorithms. It summarizes the number of true positives (TP), true negatives (TN), false positives 
(FP), and false negatives (FN). In this context, TP refers to the number of pixels for which both 
ground-truth data and the machine learning algorithm assign the same positive label. FP represents 
instances where the true label is negative but the algorithm incorrectly predicts it as positive. FN 
denotes cases where the true label is positive but the prediction is negative. TN corresponds to 
samples correctly identified as negative by both ground-truth data and the algorithm. 
 

 
Figure 5. Sampling locations and reference points within the study area. Green circles and plus signs 
denote general sampling sites. Yellow diamonds indicate limestone outcrops with elevated calcite 
content. Blue stars represent kaolin-bearing layer exposures, while red flags mark red clay layers 
enriched in kaolinite and hematite. Black symbols correspond to background reference points. All 
locations were validated through field observations and laboratory analyses, providing reliable reference 
data for geological characterization and modeling of the Semirom kaolin deposit 
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    Based on these definitions, three metrics were used to assess the performance of each class 
(Equations 1–3). In addition, overall accuracy (Equation 4) was calculated for each method by 
dividing the total number of correctly classified samples by the total number of samples (Story 
& Congalton, 1983). 
 
Field checks and laboratory analysis 
 
To verify and ground-truth the remote sensing interpretations, systematic field surveys were 
carried out across key alteration zones within the study area. Representative surface rock and 
soil samples were collected from selected sites exhibiting spectral signatures indicative of 
alteration. The collected samples were subjected to XRD analysis in order to identify and 
quantify the constituent mineral phases, with particular emphasis on carbonate minerals (e.g., 
calcite), clay minerals (e.g., kaolinite), and iron oxides (e.g., hematite, goethite). The 
mineralogical interpretation of the XRD patterns was conducted using the American 
Mineralogist Crystal Structure Database (AMCSD) as a reference standard. These results 
provided crucial validation for the satellite-based mineral mapping and aided in refining the 
remote sensing-derived mineral distribution models. 
 
Results 
 
In this study, a comprehensive and integrated suite of advanced processing techniques was applied 
to ASTER imagery to identify, discriminate, and assess the spatial distribution of minerals within 
the Semirom kaolin deposit and adjacent areas. The methodologies included BR, RBD, spectral 
indices, PCA, DPCA, BRCC, and supervised machine learning algorithms (RF and SVM). The 
following sections present the results obtained from the implementation of these methods and 
evaluate their performance in distinguishing the mineral assemblages of the study area. 
 
BR, RBD, and Spectral Indices methods 
 
The initial outcomes derived from the implemented spectral processing techniques are 
presented as grayscale images, where pixel intensity ranges from white (indicating minimal 
presence of target minerals) to black (indicating higher probability of occurrence). To enhance 
visual interpretability and facilitate more accurate assessment, the grayscale representations 
were further refined. In the enhanced visualization, pixels with the lowest likelihood of hosting 
the target mineral appear in white, while those with the highest probability are rendered in dark 
brown. This adjustment significantly improves the clarity of spatial mineral distributions. 
    Additionally, for each processed output, a zoomed-in inset of the active mining zone within 
the Semirom kaolin deposit is provided alongside the full-scene imagery. These inset figures 
allow for a detailed inspection of the extraction front. The boundaries of the current open-pit 
excavation are clearly delineated using bold blue lines, providing a precise visual reference for 
comparing remote sensing results with ground-truth mining activity. 
    The results of the BR, RBD, and spectral Indices methods, derived from the formulas listed 
in Table 2, are collectively illustrated in Figure 6 due to their methodological similarities and 
comparable outputs. Figure 6a displays the enhanced detection of ferric iron-bearing minerals 



 

such as hematite, mapped using the BR technique (b2/b1), which corresponds to widespread 
hematite-rich layers across the study area. Similarly, Figure 6b highlights the delineation of 
lateritic surfaces using the BR method (b4/b5), reflecting the lateral extent of laterite horizons 
identified in the region. 
    For clay minerals, particularly kaolinite Figure 6c and Figure 6d present the output of the 
RBD ((b4 + b6)/b5) and spectral index methods ((b4/b5)×(b8/b6)), respectively. These 
techniques reveal the surface distribution of kaolinite-bearing units with considerable precision. 
Furthermore, to identify carbonate minerals such as calcite (crucial for distinguishing between 
pure limestone units and other carbonate-bearing formations) the RBD method ((b7 + b9)/b8) 
(Figure 6e) and relevant spectral indices ((b6/b8)×(b9/b8)) (Figure 6f) were applied. Each 
figure corresponds to distinct spectral parameters tailored to the mineralogical features of 
interest, ensuring optimal contrast and feature enhancement. 
 
PCA and DPCA analysis 
 
To enhance the mineralogical interpretation of ASTER satellite data, two statistical techniques 
(PCA and DPCA) were independently applied to identify and delineate the spatial distribution 
of key minerals within the study area. These methods leverage spectral variance across VNIR 
and SWIR bands to improve detection sensitivity for mineralogical anomalies. The primary 
focus was on mapping the distribution of hematite, kaolinite, and calcite, with outputs 
visualized as mineral probability maps. 
    For PCA, nine ASTER bands covering VNIR and SWIR ranges were utilized. Based on 
eigenvector loadings, optimal components for each mineral were selected according to their 
characteristic absorption and reflectance features as identified in established spectral libraries 
(Table 3). Hematite, which exhibits strong absorption in Band 3 (0.76–0.86 µm) and prominent 
reflectance in Band 1 (0.52–0.60 µm) (Abrams et al., 1988; Hunt, 1977; Rajendran, 2009), 
showed its highest spectral response in PC4. Kaolinite, with absorption around Band 5 (2.145–
2.185 µm) and reflectance in Band 8 (2.295–2.365 µm) (Mars & Rowan, 2011; Rajendran et 
al., 2011; Rajendran & Nasir, 2017), was best represented by PC3 and PC8. Calcite, 
characterized by absorption in Band 9 (2.36–2.43 µm) and reflectance across Bands 7 and 8 
(Gaffey, 1986; van der Meer, 1994), exhibited the most significant contrast in PC5, with a 
negative loading. The mineral distribution maps derived from PCA are illustrated in Figures 
Figure 7a (hematite), Figure 7c (kaolinite), and Figure 7e (calcite). 
    DPCA was then applied to enhance discrimination by focusing on diagnostic absorption 
features through selective band combinations. For hematite/goethite, Bands 1 and 3 were 
used, and the mineral response peaked in PC2 ( 

Table 4; Figure 7b). Kaolinite was analyzed using Bands 5, 7, and 8, with the strongest signal 
occurring in the third principal component, specifically –PC3 (Table 5; Figure 7d). For calcite, 
Bands 8 and 9 were employed, revealing the most pronounced spectral response in PC2 (Table 
6; Figure 7f). 
 
BRCC 
 
To enhance the visual interpretation of surface mineralogical features and vegetation cover 
within the Semirom kaolin deposit, the BRCC method was applied to ASTER imagery using 
selected VNIR and SWIR bands. This method involves generating band ratio images that 
emphasize specific spectral features by normalizing reflectance values, thereby minimizing 
topographic and illumination effects. Three diagnostic band ratios were calculated: Band3 to 
Band2 (B3/B2) to highlight vegetation cover, Band4 to Band1 (B4/B1) to enhance iron oxide 
signatures, and Band 4 to Band 6 (B4/B6) to target clay-rich zones. 



 

 
Figure 6. Enhanced mineralogical mapping results over the Semirom kaolin deposit and surrounding 
areas using ASTER satellite imagery and band-based processing techniques. (a) Detection of ferric iron-
bearing minerals, including hematite, using BR; (b) delineation of lateritic surfaces via BR; (c) spatial 
distribution of kaolinite mapped through RBD; (d) identification of kaolinite using mineral-specific 
spectral indices; (e) mapping of calcite-rich carbonate rocks using RBD; and (f) delineation of carbonate 
units based on spectral indices analysis. For each map, the active mining zone is zoomed in and 
displayed in an inset panel to highlight the extraction area. The extent of the current open-pit working 
face is clearly outlined in bold blue lines. Color gradients in the maps represent the relative likelihood 
of target mineral presence, with white indicating the lowest and dark brown the highest probability 



 

Table 3. PCA eigenvector loadings for selected components used in mapping hematite, kaolinite, and 
calcite from ASTER VNIR and SWIR bands 

 Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7 Band 8 Band 9 

PC1 0.339999 0.357493 0.318763 0.348314 0.328739 0.346183 0.326747 0.316219 0.314638 

PC2 -0.44446 -0.44983 -0.46023 0.025003 0.247898 0.228548 0.306231 0.311377 0.288538 

PC3 0.070833 0.213259 0.016041 -0.59931 -0.1759 -0.34688 0.19453 0.63055 0.058063 

PC4 0.68567 0.00828 -0.63678 -0.21149 0.107543 0.071461 0.052387 -0.22124 0.10587 

PC5 0.228019 -0.18714 -0.17033 0.385623 -0.06919 0.015458 0.032361 0.454325 -0.72304 

PC6 -0.39173 0.703467 -0.33896 -0.07191 0.155609 0.172504 0.181331 -0.13865 -0.35431 

PC7 0.072296 -0.2932 0.361943 -0.50011 0.483221 0.227463 0.242843 -0.17237 -0.39213 

PC8 0.015413 -0.06563 0.027563 0.235237 -0.05057 -0.5569 0.731878 -0.30084 -0.02253 

PC9 -0.02806 0.064387 -0.07183 0.121769 0.723124 -0.55733 -0.36101 0.103237 0.023949 

 
Table 4. DPCA eigenvector loadings for hematite detection using ASTER Bands 1 and 3 (PC2 selected) 

 Band 1 Band 3 

PC1 0.727663 0.685935 
PC2 -0.68594 0.727663 

 
Table 5. DPCA eigenvector loadings for kaolinite using ASTER Bands 5, 7, and 8 (–PC3 selected) 

 Band 5 Band 7 Band 8 

PC1 -0.57512 -0.58316 -0.57372 

PC2 -0.66816 -0.06979 0.740735 

PC3 0.472007 -0.80935 0.349514 
 

Table 6. DPCA eigenvector loadings for calcite using ASTER Bands 8 and 9 (PC2 selected) 
 Band 8 Band 9 

PC1 0.719663 0.694323 

PC2 -0.69432 0.719663 
 

    These ratios were respectively assigned to the red, green, and blue channels of the color 
composite (Xu et al., 2004). Figure 8a-c illustrates the individual grayscale ratio images 
corresponding to vegetation, iron oxides, and clay minerals. In these images, brighter areas 
(closer to white) indicate higher probability of the presence of the target feature, whereas darker 
areas represent lower values. For spatial reference, the boundary of the active mining area has 
been delineated in yellow across all grayscale images. 
    The final false-color composite (Figure 8d) visually integrates these three spectral indicators. 
Areas with dominant vegetation appear in red, zones enriched in iron oxides in green, and clay-
bearing surfaces in blue. Regions where all three characteristics coincide (typically representing 
agricultural lands) are shown in shades of white to pink, reflecting the combined spectral 
contributions of vegetation, clay minerals, and iron oxides. To support field validation, an inset 
displaying a zoomed view of the active mining front is included, clearly marked with bold 
outlines to correlate remote sensing results with current extraction activities. 
 
ML Algorithms 
 
RF 
 
RF classification was performed on the Semirom kaolin deposit, and the resulting map was 
visualized in GIS. In the map, pixels representing calcite are shown in green, kaolinite in red, 
hematite in blue, and background pixels in black. The overall accuracy of the classification was 
69.13%, with a Kappa coefficient of 0.546. Class-specific accuracies were as follows: calcite, 



 

producer accuracy 68.63% and user accuracy 100%; hematite, producer accuracy 46.67% and 
user accuracy 100%; kaolinite, producer accuracy 29.03% and user accuracy 56.25%; and 
background, producer accuracy 100% and user accuracy 57.14%. Commission and omission 
errors for each class were also recorded in the confusion matrix (Table 7). The classification 
map (Figure 9), together with these quantitative metrics, provides a comprehensive 
representation of the spatial distribution of the minerals within the study area. 
 

 
Figure 7. Mineral distribution maps generated from PCA and DPCA methods applied to ASTER data: 
(a) Hematite (PCA PC4), (b) Hematite (DPCA PC2), (c) Kaolinite (PCA PC8), (d) Kaolinite (DPCA 
PC3), (e) Calcite (PCA PC5), and (f) Calcite (DPCA PC2). Insets show zoomed-in views of the active 
mining zone, delineated with blue outlines for clarity 



 

Table 7. Confusion matrix and accuracy assessment of the RF classification applied to the Semirom 
kaolin deposit. The table includes both pixel counts and percentages for each class, providing 
quantitative evaluation of classification performance. Overall accuracy and Kappa coefficient are 
reported to assess reliability 

Class Background Calcite Hematite Kaolinite Total 

Background 52 (100%) 16 (31.37%) 1 (6.67%) 22 (70.97%) 91 (61.07%) 

Calcite 0 (0%) 35 (68.63%) 0 (0%) 0 (0%) 35 (23.49%) 

Hematite 0 (0%) 0 (0%) 7 (46.67%) 0 (0%) 7 (4.70%) 

Kaolinite 0 (0%) 0 (0%) 7 (46.67%) 9 (29.03%) 16 (10.74%) 

Total 52 51 15 31 149 

 

 
Figure 8. Grayscale band ratio images for (A) vegetation (B3/B2), (B) iron oxides (B4/B1), and (C) 
clay minerals (B4/B6), along with (D) the resulting false-color BRCC image. Brighter tones indicate 
higher presence of the target feature. The yellow outline marks the active mining boundary 
 
SVM 
 
SVM classification was applied to the Semirom kaolin deposit, and the resulting map was 
visualized in GIS. In the map, pixels representing calcite are shown in green, kaolinite in red, 
hematite in blue, and background areas in black. The overall accuracy of the classification was 
77.18%, with a Kappa coefficient of 0.671.  



 

Table 8. Confusion matrix and accuracy assessment of the Support Vector Machine classification 
applied to the Semirom kaolin deposit. Both pixel counts and percentages are reported for each class, 
and overall accuracy along with Kappa coefficient are included to provide a robust evaluation of 
classification reliability 

Class Background Calcite Kaolinite Hematite Total 

Background 52 (100%) 16 (31.37%) 13 (41.94%) 0 (0%) 81 (54.36%) 

Calcite 0 (0%) 35 (68.63%) 0 (0%) 0 (0%) 35 (23.49%) 

Kaolinite 0 (0%) 0 (0%) 17 (54.84%) 4 (26.67%) 21 (14.09%) 

Hematite 0 (0%) 0 (0%) 1 (3.23%) 11 (73.33%) 12 (8.05%) 

Total 52 51 31 15 149 

 

 
Figure 9. RF classification map of the Semirom kaolin deposit. Pixels representing calcite are shown in 
green, kaolinite in red, hematite in blue, and background areas in black. The map illustrates the spatial 
distribution of major mineral phases as identified by the RF algorithm, providing a visual representation 
of the mineralogical heterogeneity across the study area 
 
    Class-specific accuracies were as follows: background, producer accuracy 100% and user 
accuracy 64.20%; calcite, producer accuracy 68.63% and user accuracy 100%; kaolinite, 
producer accuracy 54.84% and user accuracy 80.95%; and hematite, producer accuracy 73.33% 
and user accuracy 91.67%. Commission and omission errors for each class were also recorded 
in the confusion matrix (Table 8). The resulting classification map (Figure 10), together with 
these quantitative metrics, provides a detailed representation of the spatial distribution of the 
major mineral phases within the study area. 
 
Field Observations and XRD Mineralogy 
 
Geological Field Observations 
 
Two systematic field campaigns were conducted in the Semirom kaolin deposit to verify and 



 

complement remote sensing results. During these surveys, several lithological units were 
observed, including the lower limestone (Sarvak Formation), the red clay layer (unit d), the 
kaolin layer (unit c), alternating marl and limestone with pisolitic bands (units a and b), and the 
upper limestone (Ilam Formation) (Khaledi, 2022). These units are exposed either across the 
study area or in localized zones and are illustrated in panoramic views in Figure 11a and Figure 
11b. Additionally, pisolitic iron-rich bands were observed within the kaolin-bearing strata 
(Figure 11c). 
 
Sample Collection and Location Mapping 
 
Rock samples were collected from multiple locations across different lithological units. The 
spatial distribution of the sampling points was plotted on a high-resolution Bing Map satellite 
image to ensure precise documentation (Figure 12). A zoomed-in view of the active mining 
face is also included to improve visibility of the sampling locations. 
 
Petrographic Analysis 
 
Petrographic investigations were performed on selected samples using thin and polished thin 
sections. Sample K-3-1, collected from the kaolin layer, exhibited a cryptocrystalline to clastic 
texture with a fine-grained kaolinite matrix. Scattered opaque minerals were observed within 
the groundmass (Figure 13a and Figure 13b). In sample G2-3-8, obtained from the iron-bearing 
pisolitic bands within the kaolin unit, iron oxides and hydroxides were identified under reflected 
light microscopy (Figure 13c and Figure 13d). 
 

 
Figure 10. SVM classification map of the Semirom kaolin deposit. Pixels representing calcite are shown 
in green, kaolinite in red, hematite in blue, and background areas in black. The map depicts the spatial 
distribution of major mineral phases as identified by the SVM algorithm, providing a visual 
representation of mineralogical heterogeneity across the study area 



 

 
Figure 11. Field photographs from the Semirom kaolin deposit illustrating the main lithological units 
and their spatial relationships. (a) General view of the deposit looking north, showing the overall 
stratigraphy including the lower limestone (Sarvak Formation), red clay (unit d), kaolin layer (unit c), 
pisolitic marl-limestone alternations (units a and b), and upper limestone (Ilam Formation); (b) Eastward 
view highlighting the red clay, kaolin layer, pisolitic units, and upper limestone, excluding the Sarvak 
limestone due to limited exposure; (c) North to northeast view showing iron-rich pisolitic concentrations 
occurring as irregular, vein-like features extending upward from the base of the kaolin horizon 
 



 

 
Figure 12. Sampling locations across the Semirom kaolin deposit, plotted on a high-resolution Bing 
Map image. A zoomed-in inset highlights the active mining front to provide a clearer view of individual 
sample points and their spatial distribution 
 

 
Figure 13. Thin section images of representative samples from the Semirom kaolin deposit. (a) PPL and 
(b) XPL views of sample K-3-1 showing fine-grained kaolinite (Clay) with dispersed opaques (Op). (c, 
d) Reflected light (100×) images of sample G2-3-8 illustrating hematite (Hem) and goethite (Gth) within 
the Fe-rich pisolitic zone 



 

X-ray Diffraction (XRD) Analysis 
 
The XRD patterns of selected samples are presented in Figure 14. The results confirm the 
presence of kaolinite, calcite, hematite, goethite, illite, anatase, and rutile in various lithological 
horizons across the deposit (Table 9). 
 
Table 9. XRD results showing major, minor, and trace mineral phases in selected samples from the 
Semirom kaolin deposit 

Name Major Phase(s) Minor Phase(s) Trace Phase(s) 
SH-3-12 Calcite Quartz-Illite - 
UN-3-2 Amesite-Hematite-Kaolinite Goethite Anatase 
UN-1-3 Hematite-Kaolinite Goethite-Calcite Anatase 
P-2-2 Calcite-Kaolinite-Chlorite-

Illite 
Anatase Goethite-

Hematite 
R-2-6 Calcite-Kaolinite-Illite Anatase-Quartz-Goethite - 
R-3-1 Calcite-Illite-Kaolinite Goethite-Quartz Anatase 

G1-3-3 Hematite-Kaolinite - - 
K-3-14 Kaolinite Anatase Rutile 
K-3-1 Kaolinite Goethite Rutile 
K-1-4 Kaolinite Anatase-Muscovite-Illite - 

K-3-5 (in 
RC) 

Kaolinite Hematite-Anatase-Muscovite-Illite-
Goethite 

Rutile 

RC-3-4 Hematite-Kaolinite Anatase-Bohmite-Goethite - 
RC-1-2 Kaolinite-Illite-Calcite Hematite-Goethite-Anatase Rutile 
LA-2-5 Calcite - - 

 

 
Figure 14. XRD patterns of selected samples from the Semirom kaolin deposit. (a, b) Samples K-1-4 
and K-3-1 from the kaolin ore layer, with kaolinite as the dominant phase. (c) Sample G-1-3-3 from 
Fe-rich pisolitic veins within the ore layer, showing hematite as the major and kaolinite as the minor 
phase. (d) Sample R-2-6 from the overlying marl layer, containing calcite, kaolinite, chlorite, and 
illite as major phases 



 

Discussion 
 

The results obtained from various ASTER image processing techniques demonstrate that each 
method, depending on its spectral resolution and inherent analytical capacity, provides different 
levels of success in detecting the target minerals (kaolinite, hematite, and calcite). These 
variations highlight the complex interplay between geological conditions, spectral properties of 
the minerals, and the degree of surface exposure. 
 
Analysis of BR, RBD and Spectral Indices 
 
The BR technique, although it has demonstrated acceptable results in identifying iron-bearing 
minerals such as hematite in similar studies, failed to adequately reflect the spatial distribution 
of this mineral within the deposit (Figure 6a). This deficiency can primarily be attributed to 
spectral interference between hematite and clay minerals, particularly kaolinite. Clay minerals 
like kaolinite, with strong absorption features in the SWIR region, can effectively obscure the 
spectral signature of hematite  (especially when hematite occurs in a dispersed and matrix-bound 
form within clay-rich setting). 
    Regarding laterites, despite the presence of ferruginous layers in the study area, the band 
ratio formula was unable to provide an accurate depiction of their distribution (Figure 6b). This 
limitation likely stems from erosional processes and geometric surface alterations of the 
mineralized material. The degradation and displacement of upper layers due to mining activities 
have exposed a red clay horizon (composed of a mixture of hematite and kaolinite) whose 
dominant clay signal in the imagery has masked the hematite signature. 
    In contrast, the KLI successfully delineated the full extent of kaolinite across the deposit 
(Figure 6c), a result that was corroborated by field observations and XRD analyses. Conversely, 
the RBD method showed limited success in identifying kaolinite (Figure 6d). This discrepancy 
can be explained by the mathematical nature of each approach: while KLI utilizes a multi-band 
ratio that combines absorption and reflectance features, RBD is highly sensitive to absorption 
depth and may underperform due to noise or surface cover. 
    For calcite, both the CLI and RBD methods identified similar zones, which were consistent 
with field observations (Figure 6e and Figure 6f). However, the mapped distribution was less 
extensive than expected. This underrepresentation is likely due to surface coverage by 
secondary or erosional deposits, which can suppress the satellite reflectance signal of 
underlying limestone bedrock. 
 
Performance of PCA and DPCA Methods 
 
In the case of hematite, the PCA yielded somewhat scattered results. Although parts of the PCA 
output correlate well with ground truth, other parts diverge significantly (Figure 7a). In contrast, 
DPCA, which involves targeted band selection, performed poorly, failing to enhance hematite 
signals across most of the study area, except for a few isolated pixels (Figure 7b). 
    For kaolinite, both PCA and DPCA were effective in delineating kaolinite-rich zones with 
high accuracy, showing strong agreement with the actual extent of the deposit. Notably, DPCA 
provided sharper boundary definition of the kaolinite zones (Figure 7c and Figure 7d). 
    Regarding calcite, PCA showed weak performance, producing spatially scattered and 
unreliable outputs (Figure 7e). However, DPCA (using bands 8 and 9) achieved more effective 
identification, with spatial distributions that aligned well with field data (Figure 7f). This 
highlights the advantage of selective band combinations in enhancing calcite detection via 
DPCA. 
 



 

Evaluation of BRCC 
 
The BRCC method, which incorporates targeted band ratios into RGB channels, provided 
highly interpretable visual outputs and successfully distinguished clay layers (particularly 
kaolinite) from carbonate units (Figure 8d). This success can be attributed to the deliberate 
design of the band ratios (e.g., b4/b6 for clay minerals, Figure 8b), which enhances spectral 
contrast. 
    Although ferric minerals were not strongly highlighted using this method (Figure 8c), the 
limited areas that were mapped corresponded to iron-rich pisolitic features. This partial overlap 
confirms the method’s potential to detect hematite occurrences in specific geochemical contexts. 
 
Evaluation of Machine Learning Approaches (RF and SVM) 
 
The application of supervised machine learning algorithms, specifically RF and SVM, enabled 
the systematic classification and spatial delineation of kaolinite, hematite, calcite, and 
background units within the Semirom kaolin deposit. The RF model produced an overall 
accuracy of 69.13% with a Kappa coefficient of 0.546 (Table 7), while the SVM model 
achieved improved performance with an overall accuracy of 77.18% and a Kappa coefficient 
of 0.671 (Table 8). These metrics indicate a moderate to substantial agreement between the 
predicted classifications and the reference field and laboratory data. 
    Spatial analysis of the RF-derived mineral map (Figure 9) revealed that kaolinite occurrences 
were primarily associated with the red clay horizon, which is extensively exposed due to prior 
mining activities. Hematite pixels, co-located within the same red clay layer, caused partial 
spectral interference, which is reflected in the lower accuracy for kaolinite classification (User 
Accuracy = 56.25%; Producer Accuracy = 29.03%). In contrast, SVM (Figure 10), benefiting 
from its capacity to model complex, non-linear relationships in high-dimensional feature space, 
provided improved discrimination between kaolinite and hematite, as reflected in higher user 
and producer accuracies (User Accuracy = 80.95%; Producer Accuracy = 54.84% for kaolinite). 
    Calcite classification was relatively stable across both algorithms, reflecting the distinct 
spectral signature of carbonate units in the SWIR and VNIR bands of ASTER. Background 
areas were also reliably identified, though minor commission errors occurred, primarily due to 
mixed pixels along unit boundaries. 
    The observed classification errors are predominantly attributed to spectral overlap between 
kaolinite and hematite within the red clay layer. During mining operations, the red clay horizon 
acts as the basal layer beneath pure kaolin units and becomes the dominant exposed surface. 
The spectral contributions from both kaolinite and iron oxides result in mixed pixels, leading 
to partial misclassification. This phenomenon underscores the importance of integrating field-
based reference data and considering lithological context when applying machine learning to 
hyperspectral or multispectral datasets. 
    Overall, the combination of RF and SVM provides complementary insights. While RF 
captures the general distribution patterns effectively, SVM offers enhanced precision in 
discriminating mineral phases with overlapping spectral characteristics. These findings 
demonstrate the potential of supervised machine learning for mineral mapping in complex 
sedimentary and lateritic environments, particularly when conventional spectral methods 
encounter limitations due to surface exposure and mineralogical mixtures. 
 
Final Evaluation and Explanation of Methodological Successes and Failures 
 
Field surveys and XRD analyses confirm the presence of the three primary minerals (kaolinite, 
hematite, and calcite) throughout the study area (Figure 13 & Figure 14). Therefore, the 



 

inability of certain remote sensing techniques to fully detect these minerals cannot be attributed 
to their absence, but rather to complex spectral interactions, surface modifications, and 
exposure conditions. Key factors influencing methodological limitations include: 
      Mixed spectral signatures. This effect contributes to misclassification in both RF and SVM, 
particularly in areas where kaolinite and iron oxides are closely interspersed. 
      Surface coverage and erosion: Secondary deposits and erosional processes obscure 
carbonate and other lithological units, reducing the detectability of underlying minerals. 
      Extraction and surface alteration: Mining activities have removed upper layers, exposing 
basal red clay horizons that dominate the spectral response, potentially masking pure kaolinite 
layers beneath. 
      Algorithm-specific limitations: While supervised machine learning approaches such as RF 
and SVM are robust, they remain sensitive to mixed pixels and overlapping spectral features, 
which can lower producer and user accuracies in complex mineralogical contexts. 
    These factors collectively explain why certain zones were only partially or ambiguously 
classified, despite the confirmed presence of the target minerals. 
 
General insights on method performance and limitations 
 
The evaluation of remote sensing and machine learning approaches highlights the 
complementary strengths and limitations of each technique. For kaolinite, KLI, PCA, DPCA, 
and BRCC effectively delineated kaolinite-rich zones. Machine learning, particularly SVM, 
further enhanced classification accuracy by distinguishing kaolinite from co-occurring hematite 
within the red clay horizon. RF captured general distribution patterns, while SVM offered 
higher precision in areas with spectral overlap. In the case of hematite, no single method fully 
captured its spatial extent. RF and BR provided partial but interpretable results, primarily in 
iron-rich pisolitic zones. SVM improved discrimination from kaolinite, although 
misclassifications persisted where both minerals co-occur. Regarding calcite, DPCA (bands 8 
and 9) outperformed other methods in spatial coherence and alignment with field observations, 
followed by CLI and RBD, which achieved moderate success. Both RF and SVM reliably 
mapped calcite, with minor errors along unit boundaries due to mixed pixels. Persisting 
challenges include spectral overlap, surface cover disturbances, and the sensitivity of 
supervised algorithms to mixed pixels. Integrating multiple methods, considering geological 
context, and using accurate reference data are crucial for reliable mineral mapping in complex 
sedimentary and lateritic environments. 
    Although the incorporation of terrestrial spectral measurements acquired by a field 
spectrometer could potentially refine the spectral calibration and enhance the precision of 
mineral discrimination, such data were not obtainable in this study due to restricted accessibility 
of the instrument and the project’s limited technical and financial resources. Nevertheless, the 
integration of ASTER multispectral data with comprehensive field validation and XRD 
confirmation yielded robust and consistent results, demonstrating the practical effectiveness of 
ASTER data for reconnaissance-scale mineral mapping. 
 
Conclusion 
 
This study assessed the applicability of ASTER satellite imagery combined with advanced 
image processing and machine learning techniques for mapping kaolinite, hematite, and calcite 
within the Semirom kaolin deposit, situated in the Zagros fold-and-thrust belt. A comprehensive 
workflow including BR, RBD, Spectral Indices, PCA, DPCA, BRCC, and supervised machine 
learning algorithms (RF and SVM) was implemented on preprocessed data, and validation was 
carried out through field observations and XRD analyses. 



 

The results indicate that while no single approach provided universal accuracy, KLI, PCA, and 
DPCA were the most consistent in delineating kaolinite-rich zones. Machine learning, 
particularly SVM, improved discrimination between kaolinite and co-occurring hematite in the 
red clay horizon, while RF effectively captured general mineral distribution patterns. For 
calcite, DPCA using targeted SWIR bands achieved the highest spatial coherence, with RF and 
SVM also providing reliable mapping. Hematite, due to spectral overlap with clay minerals, 
was partially identified by RF and BR, and SVM enhanced its distinction from kaolinite in 
mixed pixels. 
    The main limitations arose from spectral interference between minerals, surface cover due to 
erosion, and the presence of mixed pixels affecting supervised algorithms. Despite these 
challenges, the integrated application of ASTER data, advanced processing methods, and 
machine learning proved effective for early-stage mineral exploration in complex tectonic 
settings. These methodologies not only allow precise identification of industrial minerals such 
as kaolinite, hematite, and calcite, but also have potential applicability in exploring both 
metallic and non-metallic deposits in other regions. Furthermore, considering the stratigraphic 
association between kaolinitic horizons at the Ilam–Sarvak formation boundary and known 
bauxite occurrences in the Zagros, the present findings offer valuable insights for future bauxite 
exploration. 
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