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Abstract 

The aim of this study is determination and separation of alteration zones using Concentration-Area (C-

A) fractal model based on remote sensing data which has been extracted from Advanced Spaceborne 

Thermal Emission and Reflection Radiometer (ASTER) images. The studied area is on the SW part of 

Saveh, 1:250,000 geological map, which is located in Urumieh-Dokhtar magmatic belt, Central Iran. 

The pixel values were computed by Principal Component Analysis (PCA) method used to determine 

phyllic, argillic, and propylitic alteration zones. The C-A fractal model is utilized for separation of 

different parts of alteration zones due to their intensity. The log-log C-A plots reveal multifractal 

nature for phyllic, argillic, and propylitic alteration zones. The obtained results based on fractal model 

show that the main trend of the alteration zones is in NW-SE direction. Compared to the geological 

map of the study area and copper mineralizations, the alteration zones have been detected properly and 

correlate with the mineral occurrences, intrusive rock, and faults. 

Keywords: ASTER, Concentration–Area (C-A) fractal model, hydrothermal alteration mapping, 

Principal Component Analysis (PCA), Saveh. 

 

1. Introduction 

Remote sensing technique is an effective 

method for mineral exploration. The remote 

sensing techniques are used for mineral 

exploration and geosciences in two usages:  

1. mapping of faults, fractures, and 

lineaments 

2. delineation of hydrothermal alteration 

zones [1-5].  

The purpose of displaying the multispectral 

image should not only be to provide a visual 

representation of the different images; 

although this has been the primary objective of 

most conventional methods. The color palette 

 Received 9 Nov. 2015; Received in revised form 14 Jan. 2016; Accepted 7 Feb. 2016  

mailto:m.mirmohammadi@ut.ac.ir
Mis Jallalzadeh
Sticky Note
Marked set by Mis Jallalzadeh

Mis Jallalzadeh
Sticky Note
Marked set by Mis Jallalzadeh

Mis Jallalzadeh
Sticky Note
Marked set by Mis Jallalzadeh



Ahmadfaraj et al. / Int. J. Min. & Geo-Eng., Vol.50, No.1, June 2016 

 

38 

should reflect real-world features on the 

ground which must be the primary objective 

employing remote sensing data [6]. 

One of the main tasks involved in image 

processing is to classify image values into 

components and to establish the relationships 

between these components and features on the 

surface. These relationships can be visualized 

with a proper visual illustration or analyzed by 

means of various quantitative methods. 

Nevertheless, the first view of the image with 

an appropriate color palette can be important, 

since it gives users the first perspective of the 

spatial distribution of multispectral image 

pixel values [6]. 

Principal component analysis (PCA) is a 

common method of analysis for correlated 

multivariable datasets, and the technique is 

widely used for multispectral image 

interpretation based on linear algebraic matrix 

operations. The PCA can effectively concentrate 

the maximum information of many correlated 

image spectral bands into a few uncorrelated 

principal components and, therefore, reduce the 

size of a dataset and enable effective image RGB 

display of its information [3, 4, 18, 35]. This 

links to the statistical methods for band selection 

that aim to select optimum band triplets with 

minimal inter-band correlation and maximum 

information content [7].  

The term fractal was introduced by [8, 9] to 

portray objects or patterns consisting of parts 

(i.e., fractions) that have geometries (e.g., 

shape or form), except scale or size, that are 

more or less similar to the whole object or 

pattern. Fractal geometry is one of the non-

Euclidian geometries widely used in different 

branches of geosciences since 1980s, e.g., [10-

13]. The C-A fractal model has been proposed 

by [10] and is practical for the separation of 

geochemical and geophysical anomalies from 

background [14-17]. The C-A fractal 

modeling is relevant not only to separate 

geochemical anomalies but also has found 

obvious capabilities for image classification 

[6, 18, 19]. In this paper, Advanced 

Spaceborne Thermal Emission and Reflection 

Radiometer (ASTER) images were analyzed 

to categorize alteration zones by the 

Concentration-Area (C-A) fractal model in the 

SW part of Saveh, 1:250,000 sheet, central 

Iran. In addition, the alteration zones derived 

via fractal modeling and PCA were correlated 

with geological features including faults, 

intrusive bodies, and copper mineralizations. 

2. Geological setting 

The studied area is situated in the SW part of 

Saveh, 1:250,000 sheet, in Markazi province, 

central Iran (Fig. 1). This area is located in the 

Urumieh-Dokhtar magmatic arc (UDMA). 

The UDMA, running from eastern Turkey to 

southeast Iran, is mainly composed of Eocene-

Miocene volcano-sedimentary sequences and 

associated plutonic rocks [20, 21]. The 

UDMA ranges in width from 4 to 50 km and 

extends over a strike length of about 2000 km 

from northwest to southeast and is 

characterized by subduction related calc-

alkaline rocks [22]. It represents an important 

metalliferous region due to the presence of 

Cu-Fe-Au-Mo-W deposits that are in relation 

to fault system and also hydrothermal 

alteration zones [23, 24]. Magmatism occurred 

principally during the Eocene but had later 

been reactivated, after a quiescent period, 

during the Upper Miocene to Plio-Quaternary. 

Although most of the igneous rocks of the 

UDMA are calc-alkaline, some volcanic rocks 

show alkaline or shoshonitic affinity [25, 26]. 

This region generally includes Eocene 

volcanic rocks consisting of andesites and 

trachyandesites, pyroclastics and andesitic-

dacitic tuffs, and Neogene sedimentary rocks. 

Oligo-Miocene metallic occurrences and 

deposits spread mainly in the parts of the sheet 

and discordantly have been situated on Eocene 

volcanic rocks and Cretaceous sedimentary 

rocks. Intrusive rocks consist of diorite, 

gabbro, granodiorite-monzonite, and diabasic 

dikes which have intersected Eocene volcanic 

rocks as depicted in Figure 2 [27]. The main 

fault system has NW-SE trend which is related 

to ore mineralization (Cu, Pb-Zn and Fe) in 

the studied area. Furthermore, faults have 

significance in the studied area and can be 

related with mineralization (Fig. 2). 

3. Materials and Methods 

3.1. Multispectral Characteristics of 

Hydrothermal Alteration by ASTER Data 

Multispectral data from the ASTER are 

acquired in 14 channels from the visible to the 

thermal infrared (TIR) regions of the 

electromagnetic spectrum. ASTER comprises 

three separate instrument subsystems [28]; the 
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first sensor images data in the first three 

channels between 0.52 and 0.86 micrometer 

(green, red, and near-infrared), the second 

sensor images data in the next six channels 

between 1.6 and 2.430 micrometer in the 

shortwave IR (SWIR) region, and the third 

sensor images data in the next five channels 

between 8.125 and 11.65 micrometer (TIR). 

Several workers have used ASTER data for 

geological purposes in recent years [29-32]. 

The ASTER level-1B (radiance at sensor) 

data were used in this study produced by the 

Land Processes Distributed Active Archive 

Center at NASA. The level 1B data comprises 

level 1A data, the reconstructed unprocessed 

raw instrument data that has been 

geometrically and radiometrically corrected 

and converted to radiance at the sensor using 

the radiometric coefficients of the detectors. 

These data require conversion to surface 

reflectance before they can be used to match 

or classify pixels spectrally to any reference 

spectrum. 

3.2. Principal Component Analysis (PCA) 

Different image-processing techniques can be 

applied on ASTER data, such as PCA [18, 31, 

33- 35]. PCA is a widely used method for 

alteration mapping in metallogenic belts [18, 

31, 34, 45]. The PCA can be practical to 

multivariate data, such as multispectral remote 

sensing images, with the aim of extracting 

specific spectral responses as in the case of 

hydrothermal alteration minerals [35]. If the 

number of input channels is reduced to elude a 

specific spectral contrast, the chances of 

defining a unique Principal Component (PC) 

for a particular mineral class will be increased 

[36]. Chavez and Kwarteng (1989) introduced 

a specific kind of PCA in which only two 

bands are used as input to PCA [37]. The PCA 

can be used to enhance and map the spectral 

differences or contrast between different 

spectral regions. When only two bands are 

used as input to PCA, the spectral contrast is 

mapped into the second component. The result 

of PCA processing is easier for visual 

interpretation. 

 

Fig. 1. Location of study area in Urumieh–Dokhtar magmatic belt modified based on [44] 
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1. Impregnation-type mineralization is characterized by initially hypogenic disseminations and micro-veinlets of Cu sulfide 

minerals in andesitic rocks, which are replaced by oxide and carbonate minerals, such as cuprite, malachite and azurite, 

due to supergene weathering and enrichment processes. This type of mineralization is controlled by faults in andesitic 

rocks and is not temporally and spatially related to intrusive rocks. Impregnation-type mineralization can be considered 

as Manto-type Cu mineralization in Chilean Andes. 
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In this study, those bands that contain the 

most representative common spectral features 

of the alteration minerals in the Saveh area 

were selected as input bands to PCA. As the 

main alteration zone in the studied area is 

argillic, the SWIR region of the ASTER data 

are used for argillic mapping. The TM visible 

and near-infrared (VNIR) and short-wave 

infrared (SWIR) bands can only discriminate 

areas rich in iron oxides/hydroxides and clay 

minerals, respectively. Most hydrothermal 

alteration minerals have absorption features in 

the SWIR region of the electromagnetic 

spectrum, multispectral SWIR data are 

commonly used for hydrothermal alteration 

mapping. The ASTER SWIR bands are 

positioned to define absorption features of 

popular minerals that are typically formed by 

hydrothermal alteration processes (Fig. 3). 

 

Fig. 3. Reflectance spectra of common hydrothermal minerals obtained from the USGS spectral library [43]. The 

ASTER bandwidths are shown and the spectra are resampled according to ASTER SWIR bandwidths. 

The hydrothermal zones are characterized 

by mineral assemblages including at least one 

mineral that exhibits diagnostic spectral 

absorption features [38]. Phyllic zone is 

typically characterized by illite/muscovite 

(sericite) and quartz. Muscovite and illite 

exhibit an intense Al–OH spectral absorption 

feature typically centered at 2.20 µm (band 6) 

and a less intense feature near 2.38 µm (band 8) 

[38]. Argillic zone typically contains kaolinite, 

alunite, and montmorillonite. The 

montmorillonite displays an Al–OH absorption 

feature near 2.20 µm [39, 40]. Kaolinite 

displays an Al–OH doublet with the primary 

absorption feature centered at 2.2 µm (band 6) 

and a secondary feature at 2.17 µm (ASTER 

band 5). In the propylitic zone, mineral 

assemblage reflectance spectra are usually 

characterized by Fe, Mg–OH, and CO 

absorption features due to molecular vibrations 

in epidote, chlorite, and carbonate minerals. 

These absorption features are situated in the 

2.33–2.35 µm (band 8) [30, 38]. The clays, 

sericite, chlorite, epidote, and calcite show high 

reflectance in band 4 of ASTER data. 

3.3. Application of the C-A fractal model 

for ASTER image interpretation 

The C–A fractal model was proposed by [10] 

for separating geochemical anomalous areas 

from background. The model is related not 

only to the separation of geochemical 

anomalies but also has found obvious 

capabilities for image classification [6, 18, 19, 

41, 42]. A multispectral image is composed of 

an array of pixels. Each pixel is marked by a 

value (PV). The C–A fractal model can be 

used to provide visual representation of the 

differences in an image based on pixel values 

and its frequency distribution as well as spatial 

and geometrical properties of image patterns 

[6]. The purpose is to establish power–law 

relationships between area (A: number of 

pixels with PV values above a certain 

threshold multiplied by pixel area) and 

threshold PV values. This power–law 

relationship can be expressed as: 

 A PV s PV    

where A(PV) denotes the area occupied by 

pixels with the PV values greater than a 
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certain threshold s, and the exponent α is 

fractal dimension [6, 10]. A log–log plot of 

A(PV) against PV can result in a multifractal 

form consisting of a series of straight lines or 

segments. Each segment is indicator of a 

population (e.g., hydrothermal alteration type) 

which is self-similar or self-affine for certain 

intervals of PV values. Every segment has 

upper and lower threshold values which are 

used for image classification. The cutoff 

values were calculated based on break points 

between the fitted segments. 

In this paper, we recourse to the C–A 

fractal model as the PV–A fractal model to 

help readers focus more on its application to 

segmentation of satellite images. It is worth 

mentioning that all principles of the C–A 

fractal model have been considered and 

followed in this research. PC3 (Table 1), PC3 

(Table 2), and PC3 (Table 3) can show 

phyllic, argillic, and propylitic alteration zones 

in the Saveh ASTER image, respectively. The 

PCA matrix for phyllic, argillic, and propylitic 

alteration zones are shown in Tables 1-3. The 

PCs were selected based on highest value for 

absolute of difference between reflection and 

absorption in index minerals of alteration 

zones. 

Table 1. Eigenvector statistics for ASTER bands 5, 6, 7, and 8. This band set was selected for identifying spectral 

response from phyllic alteration, in PC3. 

Eigenvector Band 5 Band 6 Band 7 Band 8 

PC1 0.496812 0.508279 0.49754 0.497276 

PC2 0.372755 0.536977 -0.188152 -0.733013 

PC3 -0.293393 0.537031 -0.672189 0.41675 

PC4 0.726741 -0.406086 -0.51499 0.204272 

Table 2. Eigenvector statistics for ASTER bands 4, 5, 6 and, 7. This band set was selected for identifying spectral 

response from argillic alteration, in PC3. 

Eigenvector Band 4 Band 5 Band 6 Band 7 

PC1 0.521407 0.489094 0.501307 0.487456 

PC2 0.833459 -0.260958 -0.167562 -0.45735 

PC3 -0.180301 0.339494 0.56569 -0.729541 

PC4 -0.031179 -0.759889 0.632937 0.144872 

Table 3. Eigenvector statistics for ASTER bands 4, 5, 6 and, 8. This band set was selected for identifying spectral 

response from propylitic alteration, in PC3. 

Eigenvector Band 4 Band 5 Band 6 Band 8 

PC1 -0.52024 -0.490007 -0.501946 -0.487128 

PC2 -0.761907 0.127269 0.051123 0.632998 

PC3 0.385474 -0.440617 -0.548641 0.596875 

PC4 -0.016042 -0.741318 0.666656 0.075897 

 

Fig. 4. Log-log graph of area versus pixel value in the studied area, C-A diagram for phyllic, argillic and propylitic 

alteration zone  s 
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Based on the pixel values, C-A log-log 

plots were generated and, accordingly, the 

different populations were separated as shown 

in Figure 4. According to the log-log plot, 

there are four populations (three thresholds) 

for phyllic, argillic, and propylitic (Fig. 4). 

Straight lines fitted to the points on the log-log 

plots show a power-law relationship between 

the area and cutoff pixel value (thresholds 

values) in a specific range. Additionally, the 

parameters (PC values for all alteration zones) 

have a multifractal nature in this area.  

High-intensity phyllic alteration parts have 

pixel values higher than 191. Middle intensity 

phyllic alteration parts have pixel values 

between 124 and 191, and also a low value of 

the alteration was detected with pixel values 

between 74 and 124. Phyllic alteration parts 

have background pixel values less than 74 

(Table 4 and Fig. 5). However, the negative 

data were multiple to -1 and image 

enhancement for the phyllic alteration. 

High-intensity argillic alteration parts have 

pixel values higher than 174. Argillic 

alteration parts with middle intensity have 

pixel values between 115 and 174, and also a 

low value of the alteration was detected with 

pixel values between 68 and 115. Argillic 

alteration parts have background pixel values 

less than 68 (Table 5 and Fig. 6). 

High-intensity propylitic alteration parts 

have pixel values higher than 170. Middle 

intensity propylitic alteration parts have pixel 

values between 126 and 170, and also a low 

value of the alteration was detected with pixel 

values between 79 and 126. Propylitic 

alteration parts have background pixel values 

less than 79 (Table 6 and Fig. 7). 

Table 4. The result of PC value of the C-A fractal method for phyllic alteration zones 

Alteration Zone Background Low intensity Midddle intensity High intensity 

Phyllic 0-74 74-124 124-191 191-255 

 

 

Fig. 5. A) Phyllic alteration population distribution map based on the C-A model, B) phyllic alteration high intensity 

distribution map on the C-A model 

Table 5. The result of PC value of the C-A fractal method for argillic alteration zones. 

Alteration Zone Background Low intensity Midddle intensity High intensity 

Argillic 0-68 68-115 115-174 174-255 



Ahmadfaraj et al. / Int. J. Min. & Geo-Eng., Vol.50, No.1, June 2016 

 

44 

 

Fig. 6. A) Argillic alteration population distribution map based on the C-A model, B) argillic alteration high intensity 

distribution map on the C-A model  

Table 6. The result of PC value of the C-A fractal method for propylitic alteration zones  

Alteration Zone Background Low intensity Midddle intensity High intensity 

Propylitic 0-79 79-126 126-170 170-255 

 

 

Fig. 7. A) Propylitic alteration population distribution map based on the C-A model, B) propylitic alteration high 

intensity distribution map on the C-A model  
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4. Correlation between C-A results and 

geological features 

Results derived via the C-A model correlated 

with the geological particulars obtained by 

geological map of the Saveh, 1:250,000 sheet, 

and field observations. Phyllic and argillic 

alterations clearly exist in the NW and central 

parts of the area (Figs. 8 and 9). The propylitic 

alteration happened in the central and SW 

parts of the area (Figs. 8 and 9), correlating 

with the results obtained by the C-A fractal 

model in the Saveh area since phyllic, argillic, 

and propylitic alteration are clearly present in 

the central, NW, and SE of the area; also, 

kaolinite, muscovite, and chlorite-epidote as 

the main index of argillic, phyllic, and 

propylitic alteration engross the NW, central, 

and SW parts of the Saveh, 1:250,000 sheet, 

respectively. 

According to the results and observations, 

there are prospects for hydrothermal 

mineralization in the central, NW, and SE 

parts of the Saveh area. There are several 

copper mineralizations which are correlated to 

argillic and phyllic alterations within marginal 

propylitic alteration zones. Furthermore, the 

alteration zones occurred real to the main 

faults and their intersections. Moreover, the 

shallow intrusive bodies were situated with 

alteration zones. 

5. Conclusion 

The results of this study on the SW part of the 

Saveh, 1:250,000 sheet, reveals capability of 

the C–A fractal model for extracting useful 

information from remote sensing data. 

Consequently, the combination between 

fractal modeling and PCA method could be 

used for classification of different parts of 

alteration zones for better prospecting of ore 

deposits. In this study, various parts of 

alteration zones were separated due to 

intensity of these alteration zones. As a result, 

combination of the PCA and C–A technique 

can be effectively applied in image processing 

of suitable multispectral input bands for 

discovery and mapping of hydrothermal 

alteration zones. 

 

Fig. 8. (A-C are a). phyllic, argillic, and propylitic alteration population distribution maps based on the C-A fractal 

model and Cu mineralization represented by star  s
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Fig. 9. Correlation between iron oxide, phyllic, argillic and propylitic alterations in the field observation based on 

results derived via the fractal modeling as depicted in Fig. 8  

The advantages of this model are simplicity 

and easy computational implementation as well 

as the possibility to compute a numerical value 

of concentrations which is the most useful 

criterion for cross-examination of information 

with numerical data from different sources, 

which can be hugely used in geology, 

geophysics, geochemical, and remote sensing. 

There is a positive correlation among the 

alteration derived via the C-A model, with major 

faults, intrusive rocks, copper mineralization, 

and field observations in the SW part of Saveh, 

1:250,000 sheet. New prospects of hydrothermal 

mineralization and deposits can be defined in the 

central, NW, and SE parts of the SW part Saveh, 

1:250,000 sheet. 
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