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Abstract

This study presents a cost-effective and practical framework for mapping the mineralization
potential of Mississippi Valley-type (MVT) Pb-Zn deposits using ASTER satellite imagery in
western Semnan, Iran. The workflow integrates multiple spectral processing techniques—
including Principal Component Analysis (PCA), band ratios, band math, and Spectral Angle
Mapper (SAM)—followed by Minimum Distance Classification (MDC) and fuzzy logic
modeling. The resulting mineral prospectivity map was evaluated using a Prediction—Area (P-A)
plot, yielding a normalized density index (Nd) of 3.76, which demonstrates a strong spatial
correspondence between the predicted prospective zones and known mineral occurrences. The
proposed approach is suitable for early-stage exploration in arid and inaccessible regions and can
be readily adapted for application in other metallogenic provinces, making it a valuable tool for

regional-scale mineral exploration.

Keywords: ASTER satellite imagery; Mississippi Valley-type (MVT) Pb-Zn mineralization; remote sensing; spectral

processing; supervised classification; fuzzy logic; mineral prospectivity mapping; Semnan; Central Iran Zone (CIZ).
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1. Introduction

Satellite-based remote sensing has become one of the most widely used tools in early-stage mineral
exploration because it enables rapid, cost-effective mapping of geological units, alteration zones,
and structural trends across large regions. Minerals produced during hydrothermal alteration often
show diagnostic spectral responses, allowing remote sensing data to highlight areas that may be
associated with ore-forming processes (Crosta et al., 2003; Hajaj et al., 2023; Qaderi et al., 2025a,
b). Through appropriate processing methods, remote sensing imagery can reveal mineral
assemblages linked to alteration halos and thus contribute to generating exploration-scale mineral
potential maps (Pour et al., 2018; Sheikhrahimi et al., 2019; Shirmard et al., 2020; Traore et al.,
2020; Moradpour et al., 2022; Atif et al., 2022; Qaderi et al., 2025¢, d).

Multiple investigations have demonstrated that sensors like ASTER, Landsat-8, Sentinel-2, and
WorldView-3 can effectively identify lithological and mineralogical differences when integrated
with analytical approaches such as principal component analysis (PCA), band ratio techniques,
and spectral angle mapper (SAM) (Pour and Hashim, 2011; Mahdavi et al., 2015; Noori et al.,
2019; Sekandari et al., 2020a; Bahrami et al., 2021; Traore et al., 2022). These sensors provide
broad spectral coverage, and their bands—especially in the VNIR and SWIR regions—are
sensitive to absorption features of key alteration-related minerals such as iron oxides, clay

minerals, and carbonates (Esmacilzadeh et al., 2023; Salmi et al., 2025).

Mississippi Valley-type (MVT) Pb-Zn deposits represent epigenetic, stratabound mineralization
typically localized within dolomitized carbonate sequences (Ma, 2018; Liu et al., 2020; Qaderi et
al., 2024). MVT deposits represent a major global Pb-Zn resource, accounting for nearly one-
quarter of the world’s reserves (He et al., 2022; Guan et al., 2023). Dolomitization plays a
significant role in metal enrichment, and MVT deposits within dolomite successions generally
show higher grades than those in limestone (Leach et al., 2010; Qaderi et al., 2024). For remote
sensing applications, ASTER imagery is particularly advantageous because it includes 9 SWIR
bands capable of capturing vibrational absorption features associated with Al-OH, Mg—OH, Fe-
OH, and COs-bearing minerals (Hunt, 1977; Qaderi et al., 2025d). These spectral characteristics
make ASTER a practical and cost-effective dataset for mapping alteration facies relevant to

carbonate-hosted deposits.
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The present study investigates an area situated in the northern part of the Central Iran Zone (CIZ),
within western Semnan Province, where carbonate units of the Elika Formation host several
fluorite, barite, and Pb-Zn occurrences (GSI, 1999). The structural setting, presence of favorable
host rocks, and widespread dolomitization suggest a strong potential for MVT-type mineralization
(Qaderi et al., 2025d). This research employs a hybrid image-processing strategy that integrates
PCA, spectral ratios, band-math indices, and SAM using ASTER VNIR/SWIR data. Minimum
distance classification (MDC) was applied to differentiate alteration-related classes, and a fuzzy

logic framework was used to synthesize the results into a mineral prospectivity map.

The primary aim of this study is to establish an efficient and low-cost workflow for identifying
MVT-type Pb-Zn prospective areas in regions with limited data and semi-arid conditions. This
methodology is adaptable and can be applied to other metallogenic provinces hosted in carbonate

formations.
2. Geology of the study area

Figure 1 illustrates the location and a simplified geological framework of the study area. The area
is located in the western sector of Semnan Province, positioned along the northern margin of the
Central Iran Zone (CIZ) and bordering the Alborz structural belt. It forms a transitional sector
between the elevated Alborz Mountains to the north and the Dasht-e Kavir Desert to the south.
The area is structurally defined by two principal fault systems—the Semnan Fault and the Attari
Fault—which delineate distinct tectono-sedimentary domains (GSI, 1999; Geyer et al., 2014;
Qaderi et al., 2024).

The northernmost part of the area comprises units related to the Alborz Zone, including the Kahar
Formation, with green sandstones, shales, and tuff layers, and the overlying Shemshak Formation,
composed of volcanic rocks, shales, and coal-bearing sandstones. Southward, within the main CIZ
domain, Mesozoic to Cenozoic marine and continental sedimentary sequences are widespread.
Carbonate units belonging to the Elika and Qom formations play a key role in local mineralization,

hosting numerous fluorite, Pb-Zn, and barite showings.

The Elika Formation, consisting primarily of thick-bedded dolomitic limestone, is of particular
economic interest. Several occurrences of fluorite and galena have been documented within this
unit in areas such as Versk and Shahmirzad. The dolomitized nature of these carbonate strata,
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together with observed alteration patterns, makes the region an excellent candidate for evaluating

remote sensing-based approaches to MVT Pb-Zn prospectivity (Bazargani-Guilani et al., 2011;

Qaderi et al., 2024).
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Figure 1. (a) Structural map of Iran and geographical location of the study area. (b) Simplified geological map of the

study area.
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3. Materials and methods
3.1. Remote Sensing Data characteristics and preprocessing

ASTER, onboard NASA’s Terra satellite, captures multispectral data across VNIR, SWIR, and
TIR ranges using 14 distinct bands (Table 1). For this research, three cloud-free Level 1T scenes
dated 20 June 2005 were obtained from the USGS Earth Explorer. Preprocessing involved band
stacking, mosaicking, geometric alignment, and radiometric calibration. Atmospheric distortions
were reduced through the Internal Average Relative Reflectance (IARR) method, which
standardizes spectral signatures without requiring field-based calibration (Kruse et al., 1983). To
harmonize spatial resolution across datasets, the SWIR bands (30 m) were resampled to the 15 m

VNIR grid using the nearest-neighbor technique (Crowley, 1991).
3.2. Overall workflow

The overall methodological sequence used in this study is summarized in Fig. 2. Several spectral
enhancement procedures—PCA, band ratios, band math, and SAM—were first applied to
highlight alteration-related features. These enhanced layers were subsequently classified using the
MDC algorithm. The classified outputs were transformed into vector layers and combined through
a fuzzy logic integration scheme to produce the final mineral potential model. Known Pb—Zn
occurrences were used to validate the results. Spectral operations and classification were
implemented in ENVI software, whereas fuzzy logic overlay analyses were conducted in ArcMap

10.8.

Table 1. The technical characteristics of the ASTER sensor

Band Label Wavelength Resolution Nadir or Description
(um) (m) Backward

B1 VNIR Bandl 0.52 - 0.60 15 Nadir Visible green/yellow

B2 VNIR Band2 0.63-0.69 15 Nadir Visible red
B3N* VNIR_Band3N 0.76-0.86 15 Nadir Near infrared
B3B* VNIR_Band3B 0.76-0.86 15 Backward

B4 SWIR Band4 1.60-1.70 30 Nadir

B5 SWIR Band5 2.14-2.18 30 Nadir
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Bé6 SWIR_ Band6 2.18-2.22 30 Nadir Short-wave infrared
B7 SWIR Band7 2.23-2.28 30 Nadir
B8 SWIR Band8 2.29-2.36 30 Nadir
B9 SWIR Band9 2.36-2.43 30 Nadir
BI0 TIR Band10 8.12-8.47 90 Nadir
BI1 TIR Bandll 8.47-8.82 90 Nadir
BI12 TIR Bandl2 8.92-9.27 90 Nadir Long-wave infrared
or thermal IR
BI13 TIR Bandl3 10.25-10.95 90 Nadir
Bli4 TIR Band14 10.95-11.65 90 Nadir

* Band number 3N refers to the nadir pointing view, whereas 3B designates the backward pointing view. The visible
near-infrared (VNIR), the short-wave infrared (SWIR), and the thermal-infrared (TIR) are abbreviated.

ASTER Remote sensing Dataset

.

VNIR Bands SWIR Bands

Layer stacking
,E" Mosaicking
4 Resizing
§ Dark subtract correction
’ g IARR
&

Dolomitization and iron oxide alteration
detection 1

Classifying alteration maps by minimum

distance classification method
Exploratory layers fuzzification \

Mineral prospectivity map at
regional scale

Figure 2. An overview of the methodological flowchart used in this study.
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3.2.1. Principal Component Analysis (PCA)

PCA reduces multiband datasets into a set of orthogonal components that maximize spectral
variance (Crosta et al., 2003; Gupta et al., 2003). Depending on the objective, PCA may be
performed using either the covariance or correlation matrix (Cheng et al., 2006). In mineral
exploration, PCA is widely used because eigenvector loadings highlight absorption and reflectance
characteristics diagnostic of alteration mineral groups (Pour and Hashim, 2014; Sheikhrahimi et
al., 2019; Qaderi et al., 2025d). When a principal component exhibits large but opposite-sign
loadings in relevant bands, this typically indicates that the component enhances a specific
alteration mineral or mineral assemblage (Sekandari et al., 2020b). In this work, PCA was applied
to the VNIR+SWIR ASTER bands. Table 2 presents the eigenvector matrix derived from these
bands.

Table 2. Eigenvector matrix of ASTER VNIR + SWIR bands used in PCA for alteration detection (adopted from
Qaderi et al., 2025d).

Eigenv Bandl Band2? Band3 Band4 Band5 Band6 Band7 Band8 Band9

ector

PC1 -0.04 -0.21 -0.01 -0.99 -0.09 -0.08 -0.11 -0.14 0.01
PC2 0.35 0.01 0.23 -0.11 0.98 0.14 0.65 0.16 0.02
PC3 -0.69 -0.22 0.74 0.17 0.15 -0.17 -0.86 -0.02 0.11
PC4 -0.12 -0.11 0.02 0.32 -0.021 -0.16 0.98 0.05 -0.14
PC5 -0.33 -0.04 0.52 -0.14 -0.17 0.63 -0.79 0.53 0.16
PC6 0.52 -0.37 -0.13 0.27 0.02 -0.18 -0.67 0.84 -0.42
PC7 0.77 0.02 -0.31 0.02 -0.01 -0.01 0.11 0.25 0.57
PC8 -0.72 0.12 -0.99 0.01 0.01 0.32 -0.14 0.33 -0.02
PC9 -0.01 -0.02 -0.19 -0.29 0.01 -0.21 -0.001 0.08 0.05

3.2.2 Band Ratio

Band ratios enhance spectral differences by dividing reflectance values of one band by another. A
numerator band is chosen where the target shows higher reflectivity, while the denominator
corresponds to a band where absorption is stronger (Rasouli and Tangestani, 2020; Qaderi et al.,
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2025d). This straightforward transformation has been extensively used for lithological
discrimination and alteration mapping. In this study, ratios sensitive to iron oxides, carbonates,

and dolomite were selected based on their diagnostic spectral behavior (Table 3).

Table 3. Selected ASTER band ratios used for detecting alteration minerals (adopted from Qaderi et al., 2025d).

Band ratio Target Displays color in RGB combination
8/7 Dolomitization zones Blue
2/1 Iron- oxides Red
9/8 Carbonate- hosted Pb- Zn Green
mineralization
3.2.3 Band Math

Band math enables customized spectral transformations by combining multiple bands using
algebraic expressions. This method is effective for enhancing subtle mineralogical contrasts,
especially in arid regions where alteration minerals are well exposed (Sheikhrahimi et al., 2019;
Qaderi et al., 2025d). Carbonate-rich pixels were highlighted using the expression (b7 + b9) / b8,
which accentuates carbonate absorption near 2.30 um. Dolomite was mapped using (b6 + b8) / b7
due to its distinct reflectance behavior in the 2.18-2.29 um range. To detect ferric iron oxides and
gossanous materials, the composite (b5 / b3) + (b2 / b1) was used, which captures absorption and
reflectance contrasts in the visible and near-infrared wavelengths (Hunt, 1977; Qaderi et al.,

2025d). Table 4 summarizes all expressions used.

Table 4. Band math expressions for mapping alteration minerals (reproduced from Qaderi et al., 2025d).

Mineral Band Math Relation
Iron-Oxide (b5/b3) + (b2/bl)
Carbonate (b7+b9)/b8
Dolomite (b6+b8)/b7
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3.2.4 Spectral Angle Mapper (SAM)

The SAM classifier computes the angular difference between each pixel spectrum and a reference
endmember vector in n-dimensional spectral space (Harsanyi and Chang, 1994). Smaller angles
indicate closer spectral similarity. Because SAM is based on direction rather than magnitude, it is
relatively insensitive to illumination differences (Weyermann et al., 2009). In this study, dolomite

mapping was performed using a USGS spectral library endmember (Fig.3).
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Figure 3. The reference reflectance spectra of dolomite extracted from the USGS spectral library.

3.2.5 Minimum Distance supervised Classification (MDC) Method

MDC allocates each pixel to the category whose average spectral signature lies nearest in
Euclidean space. This method is computationally straightforward and proves effective when
training data are scarce or when classes display moderate internal variability. Such properties make
MDC particularly suitable for mineral exploration using remote sensing, as carbonate outcrops

often generate strong spectral contrasts (Qaderi et al., 2025d).
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3.2.6 Fuzzy Logic Modeling

Fuzzy logic modeling represents a type of multi-valued logic in which variable truth values can
range continuously between 0 and 1 (Novak et al., 1999). In mineral exploration, fuzzy logic
combines multiple input layers through weighted evidence integration to estimate mineral potential
(Yousefi and Carranza, 2015a). This approach was chosen because of its adaptability in managing
uncertainty across continuous datasets and its demonstrated success in mineral prospectivity
mapping. It has been effectively applied in metallogenic provinces. Typically, fuzzy logic
modeling for prospectivity analysis involves three sequential steps: (i) converting evidential data
into fuzzy membership values (fuzzification); (ii) integrating fuzzy maps using inference networks
and suitable fuzzy set operations; and (iii) converting fuzzy outputs back into crisp values
(defuzzification) to support interpretation (Sekandari et al., 2020a). Common operators for
combining fuzzy membership values include fuzzy AND, fuzzy OR, fuzzy algebraic product,
fuzzy algebraic sum, and fuzzy gamma (Carranza & Hale, 2001; Nykénen et al., 2008). The fuzzy
gamma operator is essentially a combination of the fuzzy product and fuzzy sum, each raised to

the power of gamma. The generalized function is as follows:
u(x) = (Fuzzy Sum)y - (Fuzzy Product)l —y €))
This is the specific function used by fuzzy Gamma:

Fuzzy Gamma Valu = pow(1l — ((1 —argl)- (1 —arg2)--),y) -pow(argl -arg2---,1—y) (2)

When gamma is set to 1, the result corresponds to the fuzzy Sum, whereas a gamma value of 0
produces the fuzzy Product. Intermediate values enable the integration of evidence between these
two limits, yielding outcomes distinct from fuzzy OR or fuzzy AND. Essentially, the fuzzy Gamma
operator balances the amplifying influence of the fuzzy Sum with the diminishing effect of the
fuzzy Product. Figure 4 illustrates how gamma relates to both the fuzzy Sum and fuzzy Product

functions.
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Figure 4. Relationship of fuzzy Gamma to other fuzzy membership types.

4. Results and analysis
4.1 Image processing outputs

Evaluation of PCA eigenvectors (Table 2) indicates that several components effectively isolate
spectral features associated with iron oxides, dolomite, and carbonate units. Iron oxides—
characterized by charge-transfer and crystal-field absorptions (Hunt and Ashley, 1979)—
correspond to ASTER VNIR bands 1 and 3, while jarosite exhibits absorptions near 0.43, 0.50,
0.90 and 2.30 um (Cloutis et al., 2006). Carbonates display diagnostic absorptions linked to
vibrational modes of the COs group in bands 6, 7, and 8, with dolomite showing deeper features

around 2.30 pm compared with calcite (Crowley, 1991).

PC3 exhibited strong negative loadings in bands 1 and 7 and a strong positive loading in band 3,
effectively enhancing iron oxide-rich pixels. PC5 emphasized dolomite-bearing units through
positive loadings in bands 3 and 6 and a large negative value in band 7. PC6 enhanced general
carbonate units based on the contrast between bands 7 and 8. Fig. 5 presents thematic maps

generated from PC3, PC5, and PC6.

Complementary band ratios (2/1 for iron oxides, 9/8 for carbonates, and 8/7 for dolomite) and band
math expressions ((5/3) + (2/1); (7+9)/8; (6+8)/7) further refined alteration detection (Fig. 6a-b).
SAM classification (Fig. 6¢) produced dolomite signatures consistent with PCA and ratio-based

outputs, although with slight variations across the southwestern and northeastern sectors.

4.2 MDC
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The MDC classifier was applied to PCA, band ratio, and band math outputs. Six thematic classes
were generated: (1) iron oxide, (2) carbonate—dolomite, (3) iron oxide + carbonate, (4) iron oxide

+ dolomite, (5) carbonate, and (6) dolomite. Fig. 7 illustrates the classification results.
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4.3. Mineralization modeling

Spectrally derived dolomite and iron-oxide layers—obtained from MDC-PCA, MDC-BR, MDC-
BM, and SAM—were selected as the evidential inputs for predicting MVT Pb—Zn prospectivity.
Each layer was standardized to a 0—1 fuzzy membership scale (Table 5), and the fuzzy gamma
operator was employed to integrate them. The resulting prospectivity map (Fig. 8a) delineates
zones of high to low potential for Pb-Zn mineralization. The high-potential regions display strong
spatial agreement with documented mineral occurrences. Model performance was quantitatively
evaluated using the Prediction—Area (P—A) plot (Yousefi and Carranza, 2015b). The P—A plot
compares the cumulative proportion of known mineral occurrences captured (Pr curve) with the
cumulative area predicted as prospective (Oa curve). The normalized density index (Nd)—defined
at the intersection of these curves—was used to measure model efficiency. Values above 1 indicate
meaningful spatial concentration of known deposits within limited high-potential areas. The
computed Nd value of 3.76 demonstrates excellent alignment between predicted high-potential
zones and known MVT Pb-Zn occurrences, confirming the robustness of the proposed workflow

(Fig. 8b).

Table 5. Fuzzification parameters for the input layers.

Data origin Evidence layer Mineral target Classification Membership type
applied
PC5 Dolomite MDC Small
ASTER dataset | Band math ((b6 + b8)/b7) Dolomite MDC Small
SAM Dolomite Not required Small
Band ratio (8/7) Dolomite MDC Small
PC3 Iron-oxide MDC Small
Band math (5/3) + (2/1) Iron-oxide MDC Small
Band ratio (2/1) Iron-Oxide MDC Small
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5. Discussion

Recent advances in mineral exploration increasingly emphasize the integration of geochemical,
geophysical, geological, and remote sensing datasets through sophisticated data-driven approaches
(Bahrami et al., 2021; Qaderi and Maghsoudi, 2025a, b). Although such multi-source systems
generally enhance prediction accuracy, they require considerable resources and may be impractical
in remote or rugged regions (Carranza, 2011; Yousefi and Nykénen, 2017; Qaderi et al., 2025¢).
By contrast, remote sensing offers an efficient first-pass exploration method with broad coverage

and low acquisition costs (Pour et al., 2014; Liu et al., 2023; Guan et al., 2023; Hegab, 2024).

The hybrid framework proposed here—combining spectral enhancement techniques, MDC, and
fuzzy logic integration—proved highly effective for identifying MVT Pb-Zn targets in western
Semnan. The strong Nd value (3.76) and correspondence with favorable host rocks and structural

trends indicate that the model accurately delineates zones of elevated prospectivity.
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While the results are promising, several limitations warrant consideration. The accuracy of
mapping may be affected by the quality of ASTER imagery, positional uncertainty in the mineral
occurrence dataset, and the use of spectral library endmembers rather than field-measured spectra
for SAM classification. Future work incorporating hyperspectral datasets or locally collected

spectral signatures could enhance classification accuracy.

The resulting mineral potential map provides a valuable decision-support tool for early exploration
and target prioritization. The workflow is adaptable, low-cost, and scalable, making it suitable for

application in other carbonate-hosted metallogenic settings.
6. Conclusions

This study highlights the value of ASTER VNIR-SWIR data, combined with classical spectral
processing techniques, for mapping Mississippi Valley-type (MVT) Pb-Zn mineralization
potential in western Semnan. By integrating PCA, band ratios, band math, SAM, MDC, and fuzzy

logic modeling, a high-quality mineral prospectivity map was generated.

The methodology demonstrated strong predictive capability, as evidenced by an Nd value of 3.76
on the P—A plot and close spatial agreement with documented ore occurrences. The workflow is
practical, cost-effective, and transferable, offering a reliable early-stage exploration tool for

carbonate-hosted lead—zinc systems.

Future studies should consider the use of hyperspectral imagery, machine learning classifiers, and
field-based validation to further refine mineral detection accuracy and strengthen regional

exploration models.
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