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 In recent years, hyperspectral data have been widely used in earth sciences because 
these data provide accurate spectral information of the earth's surface. This research 
aims to apply match filtering (MF) on Hyperion hyperspectral imagery for mapping 
alteration mineral in the Astarghan area, NW Iran. Astarghan is located in the northwest 
of Iran where deposits of low-sulfide gold-bearing ore rocks occur as veins and 
stockworks. Therefore, at first, the Astarghan Hyperion scene was topographically and 
atmospherically corrected. Then, the data quality was surveyed to recognize bad bands 
and improve the accuracy of the subsequent processing steps. In MF analysis, it is a 
challenge to separate MF abundance images to target and background pixels. 
Therefore, to cope with this challenge, a moving threshold technique is proposed. The 
results indicated three indicative minerals including kaolinite, opal and jarosite. Then, 
the results were statistically verified by virtual verification and geological data. The 
verification was performed virtually using United States Geological Survey (USGS) 
spectral library data, which showed an agreement of 78.06%. Moreover, a comparison 
of the MF analysis results showed a good agreement with field investigations and 
overlaying with a detailed geological map of the study area. Finally, in this study the 
X-ray diffraction (XRD) of three indicative mineral samples was used to check the 
efficiency of the applied method. 

Keywords 

Hyperion data 

Match filtering 

Moving threshold 

Mineral mapping 

1. Introduction 

In recent years, remote sensing has become one 
of the most interesting fields among earth science 
subjects due to its wide range of applications and 
capabilities for different studies. One of the most 
important geological applications of remote 
sensing is the mapping of  key alteration minerals 
that is vital for ore exploration. These data have 
been widely used in mineral prospecting and 
exploration of mineral deposits [1-3]. 

In a classification, remote sensing optical 
images are divided into hyperspectral and 
multispectral data. Multispectral data are a type of 
remote sensing data that capture reflectance across 
multiple bands of the electromagnetic spectrum. It 
typically has 5 to 30 bands that collect data in 
visible, near-infrared, shortwave infrared, and 
thermal infrared bands.  However, Hyperspectral 
data capture reflectance across a continuous range 

of wavelengths. These data usually have hundreds 
or more bands and provide a more acceptable level 
of spectral resolution [4,5].  

Therefore, hyperspectral remote sensing data 
analysis allows  one to recognize  individual 
materials such as minerals regarding their 
reflectance characteristics [4, 6, 7].   Hyperion 
space-borne hyperspectral data became available 
for more studies of earth surface structures and ore 
exploration in November 2000. 

Several studies have used Hyperion data for 
geological and mineralogical surveys [8]. A 
detailed investigation of  Hyperion capabilities in 
mineralogical mapping was implemented by Kruse 
[6] through comparing airborne visible/infrared 
imaging spectrometer (AVIRIS) and Hyperion data 
for mineral mapping across Nevada and California, 
USA. The results confirmed that the Hyperion 
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short-wave infrared (SWIR) data are capable of 
producing useful geologic information.  

Cudahy et al. [9] investigated the capability of 
visible/near-infrared (VNIR)  and SWIR bands of 
Hyperion data for mineral potential mapping at 
Mountain Fitton, South Australia. There was a 
good correspondence between mineral distribution 
(particularly in SWIR data), geology, and 
alteration maps. Gersman et al. [4] successfully 
detected hydrothermally altered rocks and mapped 
different lithological units at the Northern Danakil 
Depression in Eritrea. 

Pour and Hashim [10] used Hyperion and ALI 
images to map key minerals of hydrothermal 
alteration halos related to porphyry copper ore 
deposits in SE Iran. For this purpose, they began 
with ALI data to map lithological units on a 
regional scale and then analyzed SWIR Hyperion 
data to distinguish propylitic, argillic, and phyllic 
alteration zones.  

Oskouei and Babakan [8] analyzed the 
Hyperion data of the Lahroud region in 
northwestern Iran to map alteration minerals.  As a 
result, the low SNR of the Hyperion sensor tended 
to impose some difficulties, but considering the 
associated costs and time required for field studies, 
the results of Hyperion data analysis served as a 
valuable tool for prospecting and reconnaissance 
studies. 

Ekanayake et al. [11], using image processing 
techniques on Hyperion data, successfully mapped 
an ilmenite deposit in Pulmudai, Sri Lanka. 
Vignesh and Kiran [12] carried out a comparative 
analysis of mineral mapping for Hyperion and 
Landsat-8 OLI data. They concluded that due to 
large reflectance bands in short bandwidth 
intervals, Hyperion shows better results than 
Landsat-8 OLI.  

In addition, other applications of Hyperion data 
in mineral exploration are shown in [13, 14, 15, 16, 
17].  

In this study, the capabilities of Hyperion data 
in terms of mapping alteration minerals in the 
Astarghan area were investigated. For this aim, 
after preprocessing steps, the Hyperion data were 
unmixed through the standard approach developed 
for analytical imaging and geophysics (AIG). 
Then, the distribution of extracted endmembers 
(i.e. alteration minerals) was obtained using the 
MF, a spectral matching algorithm [18]. In the 
current study, to map alteration minerals 
accurately, the MF together with the moving 
threshold were applied on Hyperion data. Moving 
threshold is a suitable tool for classifying the MF 
abundance maps of the endmembers to target and 

background pixels [19]. This method was tested on 
HyMap airborne data that have a high spectral and 
spatial resolution and the results were acceptable, 
but have not been tested so far on space-born data 
such as Hyperion. In the present study, three 
indicative minerals were distinguished across the 
study area: kaolinite, opal, and jarosite. The 
method’s accuracy was assessed by a virtual 
verification through of the region . The evaluations 
showed that the applied method for Hyperion 
image analysis was an efficient tool to map the 
alteration minerals. This consistency was 
confirmed by the XRD results of three samples 
collected from three indicative mineral units 
distinguished from the study area. 

1.2. Geological setting 

Astarghan area is approximately located 50 km 
north of Tabriz, northwest Iran (Figure1). The 
study area is in the Gharadagh-Arasbaran 
metallogenic zone [20, 21]. The most important 
lithological units in the area are a hypabyssal 
porphyritic granodioritic intrusive stock (Oligo-
Miocene) and a flysch-type sedimentary sequence 
consisting of limestone, limy sandstone, and marl 
(Paleocene-Eocene) [22].  The intrusion of this 
stock into the sedimentary rocks has altered them 
to a series of metasomatic and metamorphic rocks 
along the contact zone. Potassic, propylitic, 
argillic, and phyllic alteration zones are developed 
surrounding the fractured and brecciated zones in 
the study area. However, the argillic alteration zone 
represents the dominant alteration zone in the 
Astarghan area. Instances of Au, Cu, and Sb 
mineralization have occurred at different parts of 
the area as porphyry, stockwork, and vein-type 
mineralization. Ore rock in the Astarghan area is of 
low-sulfide gold-bearing type and appears as veins, 
vein zones, and stockworks with quartz and 
subordinate amounts of sulfide and other metallic 
minerals [21]. Astarghan’s epithermal gold deposit 
is the main mine across the region. 

Furthermore, the flysch sequence was thermally 
metamorphosed following the emplacement of the 
Astarghan stock, and resulted in the development 
of skarn patches, hornfels and marble. The major 
skarn patches crop out mainly at Kaghdara (Zone 
A). Volcanic rocks comprised of andesitic and 
trachytic lavas and stuffs have an intimate 
relationship with intrusive rocks and probably 
represent their igneous equivalents. They are 
mainly seen at topographic heights of the area (e.g., 
at Nowrozkala) and show the impacts of tectonic 
activities in the form of numerous joints and 
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fractures. Two dike generations (1–40 m thick) cut 
the stock, metasomatites, and sedimentary rocks, 
which have been characterized by their 
composition, mineral assemblage, and general 
trend. Finally, Quaternary alluvial deposits, 
alluviums and terraces are the youngest units in the 
study area [21]. The detailed 1:20000 geological 
map of the Astarghan region is illustrated in Figure 
1. 

2. Data analysis 
2.1. The Hyperion Scene  

The Hyperion instrument provides 
hyperspectral data for geological purposes and 
mineral exploration. Hyperion is composed of 
VNIR and SWIR spectrometers. Nevertheless, 
Hyperion's poor calibration has caused several 

deficiencies (e.g. smile effect and vertical strips) in 
the VNIR/SWIR regions [23]. Correcting these 
effects will help to accurately identify minerals and 
other targets. This study processes about 90 kmଶ of 
Hyperion scene obtained on 30 November 2004.  

2.2. Preprocessing 

The preprocessing of data is a significant step to 
get reliable results from the remotely sensed 
images. All errors and unwanted occurrences that 
may arise during various steps of data collection 
are corrected in the preprocessing phase. Being in 
level 1R (L1R), the Astarghan Hyperion scene has 
already undergone some preprocessing steps by 
USGS such as echo removal and smear correction 
[24].  

 

  
Figure 1. Location map of the Astarghan region and surrounding geological formations [21]. 
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2.2.1. Destriping 

Inaccurate co-calibration of the individual 
detectors on the focal plane array (FPA) causes 
severe stripping on Hyperion images that is the so-
called stripping effect [25]. The intensity of 
striping in a band depends on its wavelength, and 
column number corresponding to the position of 
the detector on the two-dimensional FPA [26]. The 
striping effect could reduce classification accuracy 
of minerals in the study area. Scheffler and 
Karrasch [26] investigated the most popular 
available striping removal techniques in detail. 
Three approaches have been recognized as suitable 
techniques for image striping correction from 
different methods proposed for striping removal: i) 
wavelet Fourier adaptive filtering [27], ii) ENVI 
general purpose utilities – destripe [28], and iii) 
ENVI spectral processing exploitation and analysis 
resource (SPEAR) tools. In this work, ENVI 
SPEAR tools-vertical destripe removal was applied 
to remove Hyperion stripes. 

2.2.2. Smile effect 

In order to accurately analyze spectral Hyperion 
data, especially in the case of mineral mapping, the 
smile effect needs to be corrected [29]. The smile 
effect is an interior effect of a sensor that mainly 
appears in hyperspectral data especially Hyperion 
[26]. Different methods, i.e., moving linear fitting 
and interpolation, column mean adjusted in 
radiance space and column mean adjusted in MNF 
space [30] have been developed to correct the smile 
effect. In the current study, the smile effect was 
removed using column mean adjusted in radiance 
space through the “cross-track illumination 
corrections” module, provided within the ENVI 
software [28].  

2.2.3. Atmospheric and topographic corrections 

The atmospheric effect causes errors in 
remotely sensed data by reducing the results’ 
accuracy.  To compensate for this effect, an 
atmospheric correction is necessary for converting 
radiance to reflectance data.  Several algorithms 
such as the atmospheric removal (ATREM), the 
fast line-of-sight atmospheric analysis of spectral 
hypercubes (FLAASH), atmospheric correction 
(ATCOR), and atmospheric correction now 
(ACORN) [6] have been introduced for 
atmospheric correction. This study implements the 
FLAASH algorithm to Hyperion data. The 
FLAASH calculates the apparent reflectance 
through the MODTRAN (moderate resolution 
atmospheric transmission) algorithm [31]. Another 

radiometric effect on remote sensing imagery is the 
distortions due to the topography of the earth’s 
surface (Figure2). Topographic correction or 
elimination of terrain-dependent illumination in 
rugged terrains is also crucial.  The main 
topographic correction techniques include cosine, 
Minnaert, and statistical-empirical [32]. Due to its 
straightforward  and reliable functionality, this 
study used the cosine correction method.  
Accordingly, the cosine algorithm was 
programmed in interactive data language (IDL) 
and utilized for topographic correction of the 
Hyperion dataset. 

 
Figure 2. Topographic effects on reflectance [33]. 

Once atmospheric and topographic effects were 
corrected, the Hyperion data were  qualitatively 
assessed. The presence of noisy bands in data 
causes errors in the output mineralogical 
distribution map. Among various approaches used 
in bands’ quality evaluation of hyperspectral data, 
the signal-to-noise ratio (SNR) determination is a 
popular one. Most of these approaches are 
conducted by comparing the ratio of  mean spectral 
response to the corresponding standard deviation.  
Therefore, the mean-to-standard deviation ratio 
was used as the approximation of the SNR in this 
study. The bands with significantly lower SNR 
values were marked as noisy or bad bands. 
Moreover, the un-calibrated bands (1-7, 58-76, and 
225-242) and spectrally overlapping bands (57, 77) 
were added to the bad bands list. Then, bad bands 
were deleted from the dataset. Finally, only 139 
good bands (out of 242 total bands) were selected 
to perform the unmixing task. 

The order of steps for the preprocessing of 
remote sensing data plays a significant role. For 
example, applying an atmospheric or topographic 
correction before removing sensor internal errors 
or incorrect detector calibration may end up with 
wrong results [34]. Thus, to achieve  trustworthy 
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results, the Hyperion dataset of the study area  was 
corrected following the sequence shown in Figure 
3. 

 
Figure3. Preprocessing workflow for Hyperion data 

of study area. 

3. Results 
3.1. Processing 

Spectral unmixing is a procedure for the 
separation of a mixed pixel of remote sensing 
image to its main constituents. Generally, two 
models are used to unmix remote sensing images: 
1) linear mixture model (LMM) and 2) non-linear 
mixing model (NLMM). In the LMM, a mixed 
pixel spectrum is considered to be a linear mixture 
of the endmembers weighted by their fractions 
inside the pixel. Thus, if there are M endmembers, 
the LMM could be demonstrated by equation (1). 

ݔ =  ܽ௧ݏ௧



௧ୀଵ

+ ݓ = ܵܽ + ܰ (1) 

Where ݔ is the pixel spectrum (ܮ × 1 vector) , ܵ  
is the ܮ ×  are the ݍ and ܮ) endmembers matrix ݍ
number of bands and endmembers respectively), 
௧ݏ ݐ , = 1, … , ݍ is the ܽ ,ݍ × 1 aboundance vector 
whose elements are ܽ௧, ݐ = 1, … ,  and ܰ is the ,ܯ
ܮ × 1 noise spectrum [35, 36].  

On the other hand, if pixels of remote sensing 
images comprise of non-uniform materials or 
different compositions,  reflections  may diffuse into 
one another. In this case, scattering causes 
systematic nonlinear mixing of different 
components of the pixel. Because of its efficiency 
and simplicity in many case studies, LMM is the 
most common model in the development of 
unmixing algorithms. The main obstacle along the 
path to implement the NLMM is the large number 
of parameters contributing to the solution, so that 
complicated equations are needed to apply this 
method [36, 37]. 

3.1.1 Endmember extraction 

To spectrally analyze remote sensing data, one 
should select an endmember through either of the 
following two approaches: 1) selecting the 
endmembers from the USGS spectral library, or 2) 
extracting the endmembers from image analysis. 
The extracted endmember using the latter approach 
is more reliable as it is obtained in the same 
conditions as those of the data being processed 
[19]. Therefore, for mineral mapping and alteration 
studies, it is better to select endmembers’ spectra 
from the image rather than spectral libraries. In the 
current study, the endmembers were extracted from 
Hyperion imagery and to extract mineralogical 
information, standardized AIG method was used 
[6]. The AIG is a stepwise algorithm provided in 
the ENVI software package [28] that can be 
implemented for processing of remotely sensed 
data (Figure4). To effectively detect endmembers 
of hyperspectral data, it is essential to decrease 
dimensionality and undertake noise separation. 
Minimum noise fraction (MNF) [38, 39] is a useful 
technique for denoising Hyperion hyperspectral 
data. Accordingly, lower-order MNF bands are 
removed from the next processing steps. Then, 
pixel purity index (PPI) analysis [36, 38] is 
performed to find extreme pixels from higher-order 
MNF bands that are assumed as the purest 
endmembers.  
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Figure 4. a block diagram of standardized AIG method for Hyperion data processing. 

Because of the lower SNR of Hyperion data, 
one may recognize fewer constituents with high-
SNR in hyperspectral data. Therefore, to enhance 
the accuracy of the mapped minerals in the current 
study, the MNF-transformed images were 
generated for 0.4–2.4 μm and 2–2.4 μm regions. 
The former range presents information on the 
general shape of spectral profiles. The VNIR 

region includes absorption features of ferric iron 
and chlorophyll, but the SWIR region includes 
absorption features of   OH−, HOH, and CO3

 2− [40]. 
Jarosite also has absorption features at 2.265 and 
2.215μm in the SWIR range [41]. The number of 
extracted endmembers (classes) from the Hyperion 
scene of the Astarghan region is shown in Table 1. 

Table 1. The number of endmembers extracted by PPI from Hyperion data set of study area. 
Wavelength range (μm) Number of bands Number of endmember 

0.4-2.4 139 4 
2-2.4 25 2 

 

Therefore, endmembers or target minerals were 
extracted from the scene using PPI method.  In this 
case, the MNF bands were chosen and the 
distribution of pure pixels was investigated 
visually in 2-3-4- dimensional scatter plots. 
Generally, each cluster represents a pure 
endmember within the scatter plots. Then mean 
spectral profiles of the clusters are assumed as the 
target endmember spectrum. In order to recognize 
minerals, the spectra of the determined 
endmembers were compared to reference spectra 
provided by USGS. The similarity of the reference 
spectra with extracted endmembers spectra was 
also visually surveyed. Finally, out of the six PPI 
endmembers of the Hyperion scene, three 
endmembers were recognized. These had the 
highest similarity to the spectral features of 
kaolinite, opal, and jarosite. Figure 5 illustrates 

spectral profiles of identified minerals together 
with corresponding standard USGS spectra. 

3.1.2. Spectral mapping 

The distribution maps of the identified minerals 
were estimated by the matched filtering (MF) 
technique. Matched filters are used for recognizing 
a target spectrum against a background. The match 
filtering technique is a widely used approach in 
signal processing. Different matched filtering 
algorithms have been introduced, e.g. orthogonal 
subspace projection (OSP) and constrained energy 
minimization (CEM) [42, 43]. Equation 2 explains 
the MF method. 

(ݔ)ܨܯ = ݐ) − ݉)்ܵିଵ(ݔ − ݉) (2) 

Where t is the target vector, x is the sample 
vector, m is the background mean and S is the 
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background covariance [44]. In the processing of 
remote sensing data, the MF method serves as a 
suitable tool for the detection of minerals based on 
the degree of matching to the USGS reference 
spectra. MF results for identified endmembers are 
shown as grayscale images in Figure 6, where each 
pixel value demonstrates the degree to which the 

spectrum of reference endmembers matches the 
spectral profiles of identified minerals. As can be 
seen, the MF band of jarosite is similar to one for 
kaolinite. This is also observed in the field 
investigations that kaolinite coincided with the 
jarosite in the Astarghan region. 

 
Figure 5. The reflectance spectra of extracted endmembers from the Hyperion image of the Astarghan area 

together with matched USGS reference spectra. Solid line: USGS reference spectra, dashed line: spectral profiles 
of extracted endmembers.  

 
Figure 6. MF analysis of Hyperion image of the study area: A) Kaolinite, B) Opal, C) Jarosite. 

4. Validation 

After processing the data, the results should be 
validated to check their accuracy. To this end, 
some evaluation methods for remote sensing data 
are implemented [8, 45], i.e., virtual validation and 

validating by geological data. Virtual validation 
requires direct control of the remote sensing data 
with sufficient spatial and/or spectral 
resolution. In-situ verification, on the contrary, 
requires visiting the area of interest (i.e. field 
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check) and directly sampling the environment to 
validate the remote sensing data. Overlaying 
mineral distribution maps extracted from remotely 
sensed data with geological data is another 
approach for the validation of the remote sensing 
results. The more detailed geological data are used, 
the more robust validation can be performed.   

In the current study, at first, the MF analysis 
results were verified virtually. MF technique 
represents the results in the form of floating-point 
that can be displayed as grayscale images. Virtual 
verification analysis reveals the constituent 
minerals of pixels. Therefore, if the value of pixels 
that contain the endmembers could be realized, 
then MF images can be easily classified into the 
background and target pixels and the distribution 
map of each endmember can be recognized 
accurately. Molan et al. [19] proposed a moving 
threshold for this purpose. In moving threshold, 
different threshold values are tested to the image 
histogram of each endmember, and then the 
threshold that leads to the maximum accuracy of 
the mapping of endmember is selected to classify 
the MF image. For example, in this study, of the 
various threshold values applied for opal, 0.83 was 
chosen to classify the corresponding MF image. 
That means, pixels having values higher than the 
threshold were assumed to contain opal, with the 
remaining pixels being classified as background 
pixels. In the case of opal, the threshold of 0.83 
showed 80.64% accuracy (Figure7). In this study, 
120 pixels were selected within the fraction map of 
the endmembers for using the moving threshold 
and verifying the results. The accuracy of the 

results was obtained by dividing the accurately 
mapped pixels by the total number of pixels. The 
total number of pixels was obtained by summing 
up the non-mapped pixels, accurately mapped 
pixels, and inaccurately mapped pixels. 

Moving toward the values smaller than the 
threshold may increase the number of accurately 
and inaccurately mapped pixels, but reduces the 
number of non-mapped pixels. Moreover, moving 
toward the values larger than the threshold may 
reduce the number of accurately and inaccurately 
mapped pixels, but increases the number of non-
mapped pixels. Therefore, whether to apply an 
upward or downward moving threshold can result 
in different levels of accuracy [19]. The accurately 
mapped pixels in the MF image describe pixels that 
exist in the calculated threshold of each 
endmember and also the fact that the existence of 
the endmember in the pixels is validated by virtual 
verification. In contrast, inaccurately mapped 
pixels are the ones that are in the calculated 
threshold of each endmember, but the existence of 
the endmember inside them is not validated by 
virtual verification. As well, non-mapped pixels 
correspond to pixels that are not in the calculated 
threshold of the endmember, but their existence is 
validated by the virtual verification. MF analysis 
using a moving threshold was performed for three 
endmembers, and the optimum threshold values 
were selected (Figure7). Comparing the MF 
mapping results with visual assessment of 
absorption features of the selected pixels spectra, 
an agreement of 78.06% was obtained (Table 2). 

Table 2. Accuracy values of mapped endmembers by MF method evaluated by virtual verification. 

 endmembers Total Kaolinite Opal Jarosite 
Accurate mapped pixels 70 75 65 210 
Inaccurate mapped pixels 4 5 6 15 
Not mapped pixels 15 13 16 44 
Accuracy (%) 78.65 80.64 74.71 78.06 

 
Notice that in Table 3, the total number of pixels 

for each endmember is lower than 120. This is 
because the selected pixels that pertained to the 
background were ignored in the accuracy 
calculation (i.e. the pixels with values below the 

threshold and those with spectra dissimilar to the 
endmember were disregarded). In this study, the 
threshold value with the highest accuracy was 
introduced as the optimum threshold value for each 
mineral.  
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Figure7. Accuracy analysis of various applied threshold values corresponds to MF images of endmembers. 

Another validation was made using the 1:20000 
geological map of the study area. In the current 
approach, the feasible lithologies which can 
comprise a mineral were selected for each 
extracted endmember using the union function of 
the ArcGIS v. 10.2 software. Then, for each 
endmember, the  “Intersect” overlay function was 
implemented for delineating the intersection of its 
abundant areas (derived from the moving threshold 
technique on MF analysis) with feasible 
lithologies. The feasible lithologies corresponding 
to each endmember according to the field 
investigations are tabulated in Table 3. The ratio of 
the area of intersection to the total distribution area 
can be used as a metric for evaluating the accuracy 
of the mineral mapping approach. The ratio of one 
indicates that the extracted distribution areas by 
using of moving threshold method for an 
endmember are whole inside the lithological units 
that can comprise it. According to the results of the 

overlay functions, 62% of jarosite are distributed in 
35% of the study area. In this case, 35% of the 
study area is covered by jarosite-bearing 
lithologies. The one for opal is 63% in 41%, and 
for kaolinite is 77% in 41%. The overlay maps are 
indicated in Figure 8.  

Three chip samples were selected from 
lithological units including opal, kaolinite, and 
jarosite. Then, the samples were analyzed by the 
XRD method. XRD analysis is an effective method 
for identifying the mineral phases. Table 4 shows 
the results of the XRD analysis of samples that are 
consistent with the lithological units. In addition, 
the spectra obtained from XRD analysis are also 
shown in Fig 9.   Finally, applying the optimum 
threshold values, the distribution map of alteration 
minerals in the Astarghan area along with the 
location of sampling from the area's indicative 
alterations is shown in Figure 10. 
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(a) (b) 

 
(c) 

Figure 8. Overlay map of the minerals distribution areas extracted by moving threshold technique and a) 
jarosite, b) kaolinite, c) opal bearing lithological units. 

Table 3. The list of lithologies that can comprise endmembers according to the field investigations. 
Endmember Feasible lithologies list 

Jarosite Porphyry diorite, micro-diorite to quartz-monzodiorite, porphyritic to granular granite-granodiorite, sill, 
dike swarm, vein veinlets, andesite, skarn, elluvium. 

Kaolinite Porphyry diorite, micro-diorite to quartz-monzodiorite, porphyritic to granular granite-granodiorite, sill, 
dike swarm, vein veinlets, hornfels, andesite, Contact metamorphic rocks, terrace,  skarn, elluvium. 

Opal Porphyry diorite, micro-diorite to quartz-monzodiorite, porphyritic to granular granite-granodiorite, sill, 
dike swarm, vein veinlets, hornfels, andesite, Contact metamorphic rocks, terrace,  skarn, elluvium. 

Table 4. Minerals identified using XRD for three samples. 
No.sample Major phase(s) Minor phase(s) 

1 Kaolinite (Al2Si2O5(OH)4) Goethite (FeO(OH)) 
2 Quartz (SiO2), Kaolinite (Al2Si2O5(OH)4) Clay mineral(IIIite or/& Smectite group) 
3 Jarosite (KFe3(So4)2.(OH)6) Scorodite (FeAsO4,2H2O), Quartz (SiO2) 
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Figure 9. The spectra obtained from XRD analysis for lithological units. 

0

500

1000

1500

2000

2500

5 15 25 35 45 55

In
te

ns
ity

2θ

Sample 1

A
l 2S

i 2O
5(

O
H

) 4

A
l 2S

i 2O
5(

O
H

) 4

A
l 2S

i 2O
5(

O
H

) 4

A
l 2S

i 2O
5(

O
H

) 4

Fe
O

(O
H

)

Fe
O

(O
H

)

Fe
O

(O
H

)

A
l 2S

i 2O
5(

O
H

) 4
A

l 2S
i 2O

5(
O

H
) 4

A
l 2S

i 2O
5(

O
H

) 4

0

1000

2000

3000

4000

5000

6000

7000

5 15 25 35 45 55

In
te

ns
ity

2θ

Sample 2

Si
O

2

Si
O

2

Si
O

2

Si
O

2

Si
O

2

A
l 2S

i 2O
5(

O
H

) 4

A
l 2S

i 2O
5(

O
H

) 4

A
l 2S

i 2O
5(

O
H

) 4

A
l 2S

i 2O
5(

O
H

) 4

A
l 2S

i 2O
5(

O
H

) 4

0

200

400

600

800

1000

1200

1400

1600

5 15 25 35 45 55

In
te

ns
ity

2θ

Sample 3

K
Fe

3(
SO

5)
2.(

O
H

) 6

Si
O

2

K
Fe

3(
SO

5)
2.(

O
H

) 6

Si
O

2

Si
O

2 Si
O

2

K
Fe

3(
SO

5)
2.(

O
H

) 6

Fe
A

sS
O

4.2
H

2O

K
Fe

3(
SO

5)
2.(

O
H

) 6

Fe
A

sS
O

4.2
H

2O

Si
O

2

K
Fe

3(
SO

5)
2.(

O
H

) 6
Si

O
2

Fe
A

sS
O

4.2
H

2O

K
Fe

3(
SO

5)
2.(

O
H

) 6

K
Fe

3(
SO

5)
2.(

O
H

) 6

Si
O

2



Pourmirzaee, and Jamshid Moghadam  Journal of Mining & Environment, Published online 

 

 

 

 

 

  
  

Figure 10. Distribution map of alteration minerals in the Astarghan area that extracted by implementing the 
moving threshold technique on MF bands along with the location of samples from the area of indicative 

alterations (two right-hand pictures, i.e., a and b, are related to the argellic alteration zones that show the 
location of XRD samples, i.e., S1&S2, also two left-hand pictures, i.e., c and d, are related to the phyllic zones 

that show the location of XRD sample, i.e., S3). 

5. Discussion 

In general, one of the most important problems 
in image processing, especially hyperspectral data, 
is the presence of noise in the data. With the 
increase of noise in the data, processing is more 
difficult and it is necessary to use more accurate 
methods to extract information. However, the use 
of noise reduction and denoising methods such as 
SNR and MNF can relatively solve this 
shortcoming, but the presence of noise in some data 
with high noise is still noticeable. 

Hyperion data as hyperspectral space-born data 
has these conditions. Therefore, different methods 
should be used to process this type of data and 
validate the resulting maps properly. In this study, 
the most common processing method for 
hyperspectral data, i.e., the unmixing method was 
used. Noticeably, by investigating both linear and 
nonlinear unmixing methods it concluded that due 
to the noise intensity of Hyperion images the use of 
nonlinear unmixing methods has no effects on the 
quality of the results. Therefore, a linear unmixing 
method, i.e., AIG was applied. Moreover, in this 
research, in addition to applying the PPI method on 
all MNF bands, in order to get more reliable results, 
Hyperion bands in the SWIR range were also 
separately analyzed because the SWIR is a suitable 
wavelength range for investigating mineral spectral 
features. Therefore, as seen in Table 1, two 
endmembers were extracted by analyzing 25 bands 
in the spectral range of 2 μm  to 2.4 μm, in which 

there is a good agreement between the spectral of 
these endmembers and the spectral of  jarosite and 
kaolinite minerals. 

After identifying the endmembers, i.e., three 
members, the abundance of each member in the 
image by the match filtering method was 
determined. Due to the intensity of noise in 
Hyperion data, accurate mapping of the minerals 
abundance is a challenging task. So, to cope with 
this challenge Moving Threshold method was 
applied. The main advantage of the Moving 
Threshold method is measuring the accuracy of 
different thresholds and giving the best abundance 
map for each endmember. In other words, Moving 
Threshold, through statistical analysis of image 
pixels, helps the user to find a more accurate 
abundance map. 

To validate the performance of the Moving 
Threshold method, a comparison was made 
between the final abundance map of each 
endmember with the detailed geological map of 
Astarghan area, in which results show an 
acceptable agreement between them. As well, 
taken samples from the identified areas also 
showed a good coincidence between the major 
detected phase of XRD and the detected end 
members in the study area. 

6. Conclusions 

In general, the application of effective 
processing techniques for hyperspectral data 
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analysis is the key step for alteration zones 
mapping. In this study, the distribution of alteration 
minerals in the Astarghan area (NW-Iran) was 
successfully mapped by using Hyperion data 
analysis. For this purpose, at first, the MNF 
transformation was performed. Then pure 
endmembers were extracted using PPI computation 
and n-d visualizer. The MF approach was used to 
analyze the Hyperion data to map the distribution 
of the endmembers. The separation of MF 
grayscale into background and target pixels is a 
challenge in the MF analysis. To address this issue 
in the present study, the concept of moving 
threshold was introduced into the MF analysis of 
Hyperion imagery. Moving threshold is a useful 
technique to find proper values in order to separate 
MF images into the target and background pixels. 
The results of the MF analysis were statistically 
validated by the virtual verification method by 
comparing the spectrums of three extracted 
minerals to the USGS spectral library. The 
conformity between the MF results and virtual 
verification was about 78%. The results were 
further verified using the geological settings 
(1:20000 geological map of the Astarghan area). 
Overlaying the extracted minerals distribution 
maps with digitized maps of the lithological units 
in ArcGIS software shows a good consistency 
between them so that the majority of distribution 
areas of minerals coincide with proper geological 
units. The field studies indicated argillic, phyllic, 
and propylitic alteration zones across the 
Astarghan region. Moreover, field studies 
demonstrated that the most extensive alteration 
zone in the study area was argillic, which itself 
consisted of quartz, kaolinite, illite, and dickite. 
Furthermore, across the central part of the study 
area, there was a supergene advance argillic 
alteration that consists of jarosite, quartz, and clay 
minerals, and these minerals were defined as the 
representatives of the argillic zone. Based on the 
final map of alteration minerals obtained from the 
analysis of Hyperion data by moving threshold 
method and the field investigations, there is a high 
consistency between the results of this study and 
field observations such that the pixels of alteration 
minerals in the final map (figure 10) correspond to 
the areas of alterations that occurred in the 
Astarghan region. As well, three samples from 
extracted mineral distribution areas (MFs) were 
also selected and their XRD analysis results were 
in good agreement with our outputs. As future 
research, the moving threshold method can be 
performed on more recent hyperspectral data such 
as PRISMA and check the accuracy of the results. 
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  چکیده:

 یم ارائه نیزم سـطح  از یقیدق یفیط  اطلاعات ها داده نیا چراکه  اند،گرفته  قرار اسـتفاده مورد  نیزم علوم در  گسـترده  طور به  یفیفراط يهاداده  ر،یاخ  يهاسـال در 
  انقسـترآ منطقه در  یدگرسـان  هايیکان درآوردن  نقشـه  ي بهبرا  ونیپریها  یفیفراط  ریتصـاو  يرو بر)  MF(  یقیتطب  لتریف اسـتفاده از روش  قیتحق  نیا  هدف.  دهند
 ابتدا  در این مطالعه. گزارش شده است ايرگهو   استوك ورك شکل  به  دیسولف کم  کانسار طلاي اپی ترمال آن  در که دارد قرار رانیا یغرب  شمال در  انقسترآ. اسـت

اویربر روي   ترآ  ونیپریها  تصـ ا  يبرا هاداده  تیفیک  سـپس  تصـحیح توپوگرافی و اتمسـفري انجام گرفت.  انقسـ ناسـ   مراحل دقت  بهبود، جهت  بد  يباندها یی و حذفشـ
 کی  چالش، نیا رفع يبرا  در این مقاله. اسـت  چالش کی  نهیزم پس و  هدف يهاکسـلیپ به  تفکیک تصـویر مربوطه  ،MF روش دراما . شـد یبررس ـ  يبعد  پردازش

  و  اوپال  ت،ینیکائول: شـاخص  یکان  سـه  بیانگر فراوانی ج ینتا  بعد از اعمال این روش بر روي تصـاویر مورد مطالعه .اسـت شـده شـنهادیپ  آماري (آسـتانه متحرك)  کیتکن
. اسـتفاده شـد  هاي صـحراییاز دور روش ارزیابی مجازي (اسـتفاده از کتابخانه طیفی) و همچنین اسـتفاده از بررسـی  ج ینتاجهت ارزیابی .  بوددر منطقه  تیروس ـژا

 با ج ینتا ســهیمقا ن،یا بر  علاوه. داد نشــان  را  ٪06/78 صــحت)  USGS(  متحده  الاتیا یشــناس ــنیزم  ســازمان یفیط  کتابخانه  يهاداده از  اســتفاده با ارزیابی نتایج 
حرایی  يهایبررس ـ ه و صـ نهادي در این مطالعه در به نقشـ ب روش پیشـ یار مناسـ ی موجود بیانگر عملکرد بسـ ناسـ انی بود.  درآوردن کانیاطلاعات زمین شـ هاي دگرسـ

  .سه نمونه سنگ استفاده شد XRDهاي شناسائی شده بر روي تصاویر هایپریون، از نتیجه آنالیز جهت ارزیابی ترکیب کانی

  .هابه نقشه درآورن کانی ؛متحرك آستانه ؛تطبیق لتریف ؛هایپریون يهاداده :يدیکل يهاواژه

 

 

 

 


