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Abstract
Exploring minerals, lithological sequences, and geological formations remained challenging in territorial armed conflict 
and environmentally hazardous zones. Satellite-based remote sensing is appropriate when direct studies are cumbersome 
due to boundary problems or morphological strains over large inaccessible regions. Therefore, the main objective here is to 
map different minerals and identify poorly exposed lithology in district Poonch of the Pakistani territory of Azad Jammu 
and Kashmir, which has a variety of economic deposits and rock sequences. We used support vector machine (SVM) and 
maximum likelihood classification (MLC) techniques with ASTER and LANDSAT 8 OLI imagery. To validate our results, 
we conducted ground surveys using GPS, a geological hammer, and a digital camera. Results reveal several mineral deposits, 
including clay (65%), carbonates (15%), quartz (10%), and ferrous silicate (16%) in the study area. About 45% of minerals 
show mineral alterations, particularly the clay and quartz minerals. Several formations from the recent Pleistocene age are 
observed, including the surficial deposits, Kamlial, Murree, Patala, and Abbottabad formations. With ASTER imagery, the 
accuracy of the SVM classifier is better than MLC to obtain lithological classes with overall kappa statistics (0.86 Versus 
0.72), respectively. Overall, the SVM classifier outperformed when used with ASTER imagery. Separate rock samples are 
tested in the laboratory to validate the minerals mapped from remote sensing. We obtained 90 to 95% accuracy for the mapped 
minerals. The present study presents a simple approach for mapping poorly exposed lithology in inaccessible regions.

Keywords  Exploration and mining · ASTER · Landsat-8 · Support vector machine · Spectral analysis · Alteration rocks · 
Spatial data mining

Introduction

Geological mapping and mineral exploration remain diffi-
cult in poorly exposed lithologies of inaccessible regions. 
The Hindu Kush Himalaya (HKH) region has long suffered 
from economic and political marginalization (Pour et al. 
2018b; Ahmed et al. 2019). The Azad Jammu and Kashmir 
(AJK) in the Himalayas is affected by both environmental 
hazards and border conflicts with lasting impact on geologi-
cal investigations and other research and development activi-
ties (Kelman et al. 2018). Armed conflicts are common in 
areas adjacent to the line of control (LOC) between Pakistan 
and India. Consequently, AJK geology remains unidentified 
because of poorly exposed lithologies in unreachable bor-
der areas. Main challenges specific to AJK include fragile 
and conflict-affected regions, forest covers, remoteness of 
rock exposures, and rough terrains for geological mapping 
and sample collection. Several methods use satellite-based 
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remote sensing data for geological mapping of unreach-
able regions, lithological mapping, structural analysis, and 
mineral exploration in mountainous areas around the world 
(Zhang et al. 2016; Pour et al. 2017, 2019a, 2019b; Safari 
et al. 2018; Pour et al. 2018a, b, c; Saporetti et al. 2019; 
Bachri et al. 2019).

Remote sensing imagery can identify minerals due to 
its potential to distinguish minerals interrelated with dif-
ferent natures of mineral forming environments over large, 
fragile, and conflict-affected areas (Abrams and Yamaguchi 
2019). Several studies applied remote sensing data to map 
mineralogical properties of rocks, mineral assemblages, and 
weathering characteristics (Bhattacharya et al. 2012; Har-
ris and Grunsky 2015; Pour et al. 2018a, b, c, 2019a, b, c; 
Wang et al. 2020; Sheikhrahimi et al. 2019). Others used 
remote sensing to discriminate lithological sequence (Pour 
and Hashim 2012b; Notesco et al. 2014; Gasmi et al. 2016) 
and to identify alteration zones (Takodjou et al. 2020). Land-
sat 8 OLI showed great potential for lithological mapping 
and discovery of geological structures relative to Landsat 7 
and ETM + (Gutman et al 2013). The Advanced Spaceborne 
Thermal Emission and Reflection Radiometer (ASTER) sen-
sor proved appropriate in exploring minerals and lithological 
sequences at regional scales due to its swath width (scene 
area 60 km2) and several infrared bands (Abrams and Yama-
guchi 2019). For instance, short-wave infrared (SWIR) can 
discriminate ( Al2O3(SiO2)2

(

H2O
)

2
 ), and Illite, CO3 . Ther-

mal bands can map carbonate and quartz based on their 
silica content (Guha et al 2018; Rajan and Mayappan 2019).

Various types of rocks reflect different wavelengths of 
electromagnetic energy, which is the basis to identify spec-
tral characteristics of the rock mineralogy, and, thus, to map 
complicated class distributions from remote sensing data. 
To this, several indices or band ratios tend to distinguish 
lithological units, e.g., band ratios 3/1 and 5/4 of Landsat 
ETM + highlights iron oxide (Fuentes et al. 2020), ASTER 
thermal band ratios 14/12 and 13/14 emphasize silicate 
and carbonate minerals (Pour and Hashim 2012b). The 
band ratios along with image transformation techniques 
(e.g., PCA, ICA, MNF) enhanced present geological maps 
to detect groups of minerals, e.g., CO3 and Mg − O − H 
(Askari et al. 2018; Takodjou et al. 2020). Alternatively, 
the similarity-based methods tend to match image spectra 
to previously measured spectral profiles (Bolouki et  al. 
2020). The probabilistic approaches compute the probabil-
ity of similarity between a pixel spectrum and the reference 
spectrum (Sheikhrahimi et al. 2019), ranging from zero to 
a user-defined threshold. Similarly, the fuzzy-logic theory 
is applied to fuse the most informative thematic layers 
(Sekandari et al. 2020). However, these threshold-dependent 
similarity-based approaches have limitations of discriminat-
ing different lithological units for scenes with varying sizes 
and thresholds.

Statistical methods use summary statistics from classes 
of image pixels (Bachri et al. 2019). Such spectrum-based 
approaches tend to classify different lithological features in 
the study area through deterministically or probabilistically 
differentiating the spectral information (Bachri et al. 2019). 
Commonly used statistical classification methods for map-
ping sequences and mineral deposits are minimum distance 
and maximum likelihood classification (Pour et al. 2019b). 
Minimum distance utilizes the mean of the training spectral 
profiles for separating classes. The maximum likelihood 
(ML) uses both the mean and the covariance matrix. Thus, 
it exploits the information contained in a data set without 
the assumption of data distribution. The statistical meth-
ods have a clear advantage of investigating poorly exposed 
lithologies due to limited field data in inaccessible regions. 
Also, statistical learning approaches for data mining can bet-
ter learn and approximate complex non-linear mapping in 
those regions. Support vector machines (SVM) can model 
unknown multivariate distributions that capture complex and 
multistage geological events (Othman and Gloaguen 2017). 
Moreover, it is less sensitive to the number of samples com-
pared to other machine learning models (Kumar et al. 2020).

The main objective of this study is to apply SVM for 
supervised non-parametric classification of RS data and 
compare the results with previously applied ML for map-
ping poorly exposed lithologies of inaccessible regions in 
AJK using Landsat-8 and ASTER reflective and thermal 
bands. Moreover, we validated the research output through 
the field data obtained by testing the separate rock samples 
in the laboratory.

The research output will establish a simple satellite-based 
approach for not only mapping geological formations at 
regional scales but also identifying minerals and lithological 
sequences in the LOC-border of AJK region and other frag-
ile and conflict-affected, forest-covered, and difficult terrains 
around the world, having scarce geological information.

Geological setting of the study area

The district of Poonch ( 33◦46′N;74◦5′E ) is adjacent to 
the line of control, Azad Jammu and Kashmir (AJK) (see 
Fig. 1). The study area is one of the populated regions of the 
Himalayan Pir Panjal, which is a humid sub-tropical moun-
tainous range of tough terrain. It contains rocks from the 
geological periods between the recent and Pleistocene. Fig-
ure 1b–c show geological formations in different regions of 
the study area. The surficial deposits are mainly composed 
of boulders, cobbles, and pebbles of the recent to sub-recent 
ages (Lydekker 1876). While the Kamlial Formation consti-
tutes sandstone, intra-formational conglomerates, and clay of 
the Early to Middle Miocene Epoch. The Murree Formation 
of the early Miocene Epoch is composed of clays, shales, 
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and medium-grain-red and purple-red sandstone (Pilgrim 
1937). The Patala Formation of the Late Paleocene age is 
mainly composed of shales with inter-bedded limestone. The 
Abbottabad Formation from Miocene-Pleistocene consists 
of dolomitic limestone, cherty dolomite, and chert bands 
(Ashraf et al. 1983). The Nagri Formation from the late 
Miocene consists of greenish-gray to light-gray, medium 
to coarse-grained sandstone (60%) that alternate with 40% 
clays.

Materials and methods

Ground surveying and microscopic analyses

For training and validation purposes in this study, we 
obtained GPS-based ground observations of minerals and 
formations through random sampling. We marked the sam-
pling points through the topo sheets of geological forma-
tions obtained from the Survey of Pakistan. The topo sheets 
include 43 (K-2, K-1, G-13, G-9, and G-14B). The ground 

surveys were conducted between 20 February 2019 to 27 
February 2019 using GPS total station, a geological hammer, 
and a digital camera. In total, 200 locations were sampled in 
the study area (see Fig. 1).

Thin sections of the rock samples taken from different 
locations were examined under a petrographic microscope 
to identify minerals in the study area. The visual acuity is 
helpful to determine the relative abundance of a mineral gain 
and its composition and texture. Compared to the X-ray dif-
fraction (XRD) technique, petrography is more reliable for 
determining the mineralogical composition of rocks through 
textural analyses (Amaral et al. 2006). Therefore, the petrog-
raphy analysis supports the validation of mineral assemblage 
mapped through remote sensing techniques (such as band 
ratios) applied in this study.

Satellite remote sensing

For geological mapping over large areas, we obtained 
cloud-free level-1B ASTER data for November 18, 2007, 
and level 1 T (L1 T) L8 OLI data acquired on July 10, 

Fig. 1    Azad Jammu and Kashmir (AJK) region (a); map of district Poonch adapted from Land Use Planing & Development Department, AJK 
Government (https://​pndajk.​gov.​pk/) showing geology of the study area adapted from topo sheets of formations from the Survey of Pakistan (b)

Page 3 of 13    538Arab J Geosci (2022) 15: 538

https://pndajk.gov.pk/)


1 3

2018, and December 1, 2018 (see Table 1 for details). We 
geo-referenced the imagery and applied radiometric cali-
bration with band interleaved by lines format. We care-
fully obtained and pre-processed the imagery through the 
following considerations:

•	 The sun’s zenith angle should be almost in nadir for the 
area to reduce the cast shadows.

•	 We applied an atmospheric correction to ASTER and 
OLI/Landsat-8 images through setting sensor altitude, 
the sun’s zenith angle, sensor type, elevation, and mul-
tispectral settings in the FLASH (Fast Line of Sight 
Atmospherics Analysis of Hypercubes) module. It elimi-
nates the effects of water vapors and clouds and converts 
the digital counts to surface reflectance.

•	 The spectra from ASTER and Landsat should be cross-
checked with ASTER spectral libraries. We applied 
cross-track illumination correction to ASTER images to 
remove the energy overspill effect from band 4 to bands 
5–9 (Ge et al. 2018).

Image processing for lithological mapping

Geological mapping through remote sensing generally aims 
to identify types and geologic structures of various lithologic 
units of exposed rocks over larger areas through analyzing 
the imagery from one or more sensors. To do so, we used 
three different image processing methods: maximum likeli-
hood classification, support vector machine, band ratios with 
Landsat OLI and ASTER data, laboratory spectral reflec-
tance measurements of rock samples, and field observations. 
We applied these methods with the following experimental 
settings.

Band ratios

ASTER data contains higher spectral and spatial resolu-
tion in the VNIR to SWIR range than other commonly used 
multispectral data. Therefore, OLI and ASTER band ratios 
can be appropriate to analyze several visual characteristics 
(e.g., texture, color, and other visual features) of minerals 
and materials that can be unseen in raw bands (Ibrahim et al. 
2016). Moreover, band ratios increase image contrast that 
improves the extraction of lithology through remote sens-
ing. In this study, we calculated the band ratio (7 + 9)/8 
for mapping carbonates and altered rocks (limestone 

Table 1   Spatial, spectral, 
radiometric resolution of 
near infrared (NIR), very 
near infrared (VNIR), short-
wave infrared (SWIR), and 
thermal infrared (TIR) bands 
of LANDSAT 8 OLI data and 
ASTER imagery

Satellite imagery Product Spectral bands Spectral range ( μ m) Spatial 
resolution 
(m)

Radiomet-
ric resolu-
tion

ASTER T1 VNIR 1 0.5–0.60 15 8
2 0.63–0.69
3 N 0.78–0.86
3B 0.78–0.86

SWIR 4 1.60–1.70 30 8
5 2.145–2.185
6 2.185–2.225
7 2.235–2.85
8 2.295–2.365
9 2.360–2.430

TIR 10 8.125–8.475 90 12
11 8.475–8.825
12 8.925–9.275
13 10.25–10.95
14 10.95–11.65

Landsat-8 OLI Band 1 – coastal aerosol 0.435–0.451 30 12
Band 2 – blue 0.452–0.512
Band 3 – green 0.533–0.590
Band 4 – red 0.636–0.673
Band 5 – NIR 0.851–0.879
Band 6 – SWIR-1 1.566–1.651
Band 7 – SWIR-2 2.107–2.294
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CaCO3 and dolomite CaMg
(

CO3

)

2
 ), the band ratio (7/6) 

for muscovite KAI2
(

AISi3O10

)

(OH, F)2 and muscovite 
mica (also known as mica, isinglass, and potash mica) 
(KF)2

(

Al2O3

)

3

(

SiO2

)

6

(

H2O
)

 , the band ratio (7/5) for clay 
mineral kaolinite 

(

Al2O3

(

SiO2

)

2

(

H2O
)

2

)

 , the band ratio 
(4/5) for laterite rock type 4H3. − 2H3 , the band ratio (5/4) 
for ferrous silicate SiO2 , the band ratio (13/12) for quartz 
FeSiO3 , and the band ratio (4/5) for mapping alteration 
rocks. We validated the identified lithological units through 
band ratios by location-based ground surveys.

Maximum likelihood classification

Maximum likelihood classification (MLC) differentiates 
lithological classes by measuring a multivariate probabil-
ity density function with mean and the covariance matrix, 
where the unknown pixels are assigned to classes with the 
highest probability of belonging (Pedroni 2003; Pour et al. 
2019b).

where P
(

Xi

i

)

 is the probability density function for a pixel 
xk as a member of class I , n is the number of wavebands, xk 
is the data vector for the pixel in all wavebands, �i is the 
mean vector for class I over all pixels, and V−1

i
 is the vari-

ance–covar iance matr ix for class i  .  The term 
(

xk − �i

)r(

Vi

)−1(
xk − �i

)

 is the Mahalanobis distance 
between the pixel and the centroid of class I.

The MLC algorithm assumes normally distributed sam-
ples in the study area. With the satisfied normality assump-
tion, Ge et al. (2018) showed a higher overall accuracy of 
the classification using MLC compared to that of SVM. The 
optimal properties may not apply for MLC with a small sam-
ple size, resulting in highly biased model estimates. In this 
study, we used a single threshold value with the 1.0 data 
scale factor.

Support vector machine

Support vector machine (SVM) classifies the data by trans-
forming the original training data to a higher-dimensional 
space (Vapnik 1995; Othman and Gloaguen 2017; Zuo 
2017). To do so, first, it constructs a hyperplane in the 
higher-dimensional space with a maximum distance to the 
nearest support vectors (i.e., samples). Next, it finds an 
optimal separator hyperplane that maximizes the distance 
between the lithological classes (margins), such that for a 
given set of training examples, {

(

xi,�i

)

}n
i=1

 , for a pixel xi 
and Kernel function V  , each �i = {−1,+1} can be assigned 

(1)

P

(

X
i

i

)

=
1

(2�)(n∕2)V (1∕2)
exp

[

−1∕2
(

x
k
− �

i

)r(

V
i

)−1(
x
k
− �

i

)

]

to one of two lithological classes. An SVM object function is 
used to solve the optimization problem as (Liu et al. 2017):

where � s are the Lagrange coefficients and C is a con-
stant used to penalize the training errors of the samples. 
We applied SVM for the geological mapping in this study 
because of the following advantages,

1.	 Compared to traditional methods, the accuracy of the 
SVM classification is higher when the dimensionality of 
data is high and the training data set is small (Othman 
and Gloaguen 2017). It is a common problem in remote 
sensing applications for lithological mapping.

2.	 SVM can define non-linear decision boundaries in high-
dimensional feature space by solving the quadratic opti-
mization problem (Eq. 1) (Bachri et al 2019).

3.	 SVM can better differentiate mid-sedimentary rocks 
during the lithological classifications compared to other 
machine learning methods like self-organizing maps, 
neural networks, and genetic algorithms (Sahoo and Jha 
2017).

Like other machine learning approaches, SVM can be 
sensitive to over-fitting the kernel selection criterion (Liu 
et al. 2017). Therefore, the performance of an SVM model 
depends on the selection of regularization parameters � s 
and the form of the kernel function V

(

xi, xj
)

 , such as linear, 
polynomial, sigmoid, and radial basis functions (RBF) (Zuo 
2017). The RBF is commonly used in lithological mapping 
using remote sensing images because of its efficient inter-
polation capabilities (Bachri et al 2019). In this study, we 
applied SVM on the training data set using the radial ker-
nel function. Here, the two vital parameters are the gamma 
kernel width and the penalty parameter that influence the 
RBF-SVM performance. A high value for penalty param-
eters results in training errors, while a small penalty value 
generates a higher margin and, thus, increases the number 
of training errors (Kumar et al 2020). A penalty value of 100 
resulted in optimal RBF-SVM performance in the classifica-
tion of remote sensing data (Yang 2011; Bachri et al 2019). 

(2)max
�

{

n
∑

i=1

�i +

n
∑

i,j=1

�i�j�i�jV
(

xi, xj
)

}

(3)
s.t.

(4)0 ≤ �i ≤ C

(5)
n
∑

i=1

�i�i = 0
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In this study, we set the penalty parameter to 100, and the 
gamma parameter in the kernel function was the inverse of 
the ASTER band numbers, i.e., 0.071.

Accuracy assessment

We observed a total of 200 geological locations for the accu-
racy assessment of both MLC and SVM classifiers. The 
ground survey data were randomly split into two subsets: 
a subset of 70% rocks samples for training the lithological 
classifier; and 30% reference samples to assess accuracies. 
We calculated the confusion matrix to evaluate the overall 
classification accuracy of the remotely sensed data, user and 
producer accuracy, and kappa coefficient (Congalton 1991; 
Lillesand et al. 2014).

Results

Ground surveys, microscopic analyses, and observed 
structures

Figure 2a–h show sampled rocks and structures of flute 
casts (a), calcareous shale (b), fracture filled with calcite 
(c), conglomeratic bed (d), limestone clast (e), mud crakes 
(f), siltstone clast (g), and volcanic clast (h) in the study area.

Results of petrographic analysis of sampled units 
(see Fig. 3a–h) show the mineral deposits of muscovite, 

muscovite mica, quartz, alteration minerals, sutured fer-
rous silicate, biotite schist, hematite concretions, altered 
ferrous silicate, and deformed muscovite. The secondary 
sedimentary structures observed in the study area include 
the carbonate concretions from shale beds whose chemical 
composition is of calcite nature. These concretions are a few 
centimeters in size with conical, spherical, and disc shapes.

Band ratios

Multiple band ratios are processed for increasing image con-
trast for the extraction of lithology. Results are validated 
from the microscopic laboratory analysis of the study area. 
Figure 4a shows quartz ( FeSiO3 ) is mainly present in Ban-
josa, Marchkot, and Khali Dharman areas in the Murree For-
mation. Quartz prevents the flow of carbon from the steel. 
Therefore, it is widely used in industries as a deoxidizer. The 
total area of quartz calculated in the study area is 143 km2. 
Figure 4b and Fig. 1b–c indicate that the clay mineral kao-
linite 

(

Al2O3

(

SiO2

)

2

(

H2O
)

2

)

 is heavily present in Rawala-
kot and Hajira areas of the Kamlial Formation and Murree 
Formation. Kaolinites are primarily layered silicates formed 
by feldspar (another clay mineral) weathering. It is water-
insoluble and dark while its concentration is 2.65g∕cm3 . The 
total area of kaolinites is projected to be 400 km2 in the 
study area.

Figure 4c and Fig. 1b–c show muscovite mica presence 
in the Abbottabad Formation, surficial deposits, and Murree 

Fig. 2   Sampled rocks and structures details of flute casts (a), calcareous shale (b), fracture filled with calcite (c), conglomeratic bed (d), lime-
stone clast (e), mud crakes (f), siltstone clast (g), and volcanic clast (h) in Poonch, Azad Jammun and Kashmir (AJK)

538   Page 6 of 13 Arab J Geosci (2022) 15: 538



1 3

Formation in Khali Dharman, Tulipir, and Tahi areas, which 
could be possibly due to the presence of ophiolites com-
plexes metamorphic rocks. In the study area, muscovite is 
generally found in the associated form with sericite. The 
total area of muscovite is calculated to be 18 km2. Fig-
ure 4d indicates the presence of laterite 4H3. − 2H3 mainly 
in Kamlial Formation and Murree Formation. Typical later-
ite is fragile and clay-like, with higher ratios in the northern 
and southern parts of the study area, whereas lower ratios 
in the central part. The iron oxide contains goethite HFeO2 
crystals, lepidocrocite FeO(OH) , and hematite Fe2O3 . It 
comprises the most common and accessible titanium oxides 
and aluminum hydrated oxides 4H3. − 2H3.3H2O , which is 
primarily reddish claystone due to weathering of iron-rich 
minerals in wet or humid environments. Its total area is esti-
mated to be 182 km2.

Figure 4e and Fig. 1b–c indicate the presence of ferrous 
silicate ( FeSiO3 ) in the Murree Formation in the northeast-
ern parts (i.e., Banjosa, Marchkot, and Khali Dharman). The 
total area of ferrous silicate in the study area is 143 km2. 

Figure 4f shows the presence of carbonates and alteration 
rocks limestone CaCO3 and dolomite CaMg

(

CO3

)

2
 mainly 

in the Kamlial and Murree formations. They are highly pre-
sent in Bhangiun, Tain Dhalkot, Bhalgran, Parat, and adjacent 
areas of Tehsil Rawalakot, and in Dharmsala, Tattapani, and 
Dara of Tehsil Hajira. Overall, the northern part is high in 
carbonates comprising a total area of 134 km2. These carbon-
ates are important components of calcareous, dolomite, and 
siderite rocks, including CaCO3 , CaMg

(

CO3

)

2
 , and FeCO3 . 

Figure 4g shows that altered ferrous silicate is excessively pre-
sent in the northern part (i.e., Bhangiun, Jandali, and Pachiot) 
and the southern part (i.e., Dharmsal and Sehra). Clay minerals 
and SiO2 rich rocks show excessive alteration. The calculated 
area of the altered rocks in the study area is 392km2.

Fig. 3   Microscopic analysis confirms the presence of musco-
vite and muscovite mica (a), quartz FeSiO3 (b), alteration miner-
als (c), carbonates and alteration rocks (limestone CaCO3 , dolomite 

CaMg
(

CO3

)

2
 (d), biotite schist (e), hematite concretions (f), altered 

ferrous silicate (g), and deformed muscovite (h)
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Classifier performance for the identification 
of lithological formations through ASTER 
and LANDSAT 8 OLI imagery

Figure 5a shows the results of the MLC classification of 
LANDSAT 8 OLI imagery. It indicates various geological 
formations present in the study area. The geological forma-
tions identified from ML classification on the LANDSAT 
8 OLI data show some variations with the geological map 
of the survey of Pakistan (SOP) (see Fig. 1). The Murree 
Formation is dominated, followed by the Kamlial, Patala, 
and Abbottabad formations. Similar patterns of formations 
appear in the SVM classified map through LANDSAT 8 
OLI imagery (Fig. 5b). However, the surficial deposits are 
more dominant, particularly in the tail of the study area on 
the south. Whereas, in the same area, the Patala Formation, 
which largely appeared in the ML classification map, is 
missing in the SVM classification map. Comparing it with 
the SOP formation map in Fig. 1 and accuracy statistics in 
Table 2, the identification of the Patala Formation improved 
with ASTER imagery. It is further indicated by increased 
user accuracy from less than 67.51 to 90% accuracy in all 
of the two classification methods (i.e., MLC in Fig. 5b & 
SVM in Fig. 5d).

The Abbottabad Formation is absent in the lithological 
maps (Fig. 5c–d), which we obtained through MLC and 

SVM classifiers with ASTER data. However, it is present 
in the SVM classified map from LANDSAT 8 OLI imagery 
(Fig. 5b). On the other hand, the Patala Formation has high 
omission errors, i.e., the producer’s accuracy is low, and 
there is a probability that reference samples for this forma-
tion are wrongly classified.

Classifier performance for the identification 
of minerals through ASTER imagery

Figure 6 shows maps of lithological sequences in the district 
Ponch obtained through ASTER data with MLC Fig. 6a and 
SVM Fig. 6b classifiers. Both classifiers predominantly iden-
tify the presence of alteration rocks (limestone CaCO3 and 
dolomite CaMg

(

CO3

)

2
 , followed by the laterite 4H3. − 2H3 , 

and clay mineral kaolinite 
(

Al2O3

(

SiO2

)

2

(

H2O
)

2

)

 . The 
quartz FeSiO3 is present in the north of the study area. 
Compared to MLC, the SVM classifier better identified the 
presence of muscovite KAI2

(

AISi3O10

)

(OH, F)2 in the study 
area. The mineral maps indicate the deposition of shale and 
sedimentary rocks. With ASTER imagery, the accuracy 
of the SVM classifier is better than MLC to classify the 
lithological sequences with overall kappa statistics (0.93 
Versus 0.61) and overall accuracy (95.2% versus 70.7%), 
respectively.

Fig. 4   Multiple band ratios showing the quartz FeSiO3 (a), clay 
mineral kaolinite 

(

Al2O3

(

SiO2

)

2

(

H2O
)

2

)

 (b), muscovite (mica) 
(c), laterite 4H3. − 2H3 (d), ferrous silicate FeSiO3  (e), dolomite 

CaMg
(

CO3

)

2
 (f), and altered ferrous silicate (g) in Poonch, Azad 

Jammu and Kashmir (AJK)
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Fig. 5   Classified lithological 
sequences in the district Poonch 
obtained through LANDSAT 8 
OLI data with maximum likeli-
hood classification (MLC) (a), 
support vector machine (SVM) 
classification (b); and, through 
ASTER data with MLC (c), and 
SVM (d)

Table 2   Summary of accuracy (%) and Kappa statistics of lithological classes obtained from LANDSAT 8 OLI data and ASTER imagery clas-
sifications through maximum likelihood classification (MLC) and support vector machine (SVM)

The overall accuracy greater than 90% shows high classification accuracy, i.e., more than 90% of assigned pixels are correctly assigned. The 
Kappa coefficients show weak to strong level of agreement between classified and reference classes

Class LANDSAT 8 OLI ASTER

MLC SVM MLC SVM

Producer accuracy 
(%)

User 
accuracy 
(%)

Producer accuracy 
(%)

User 
accuracy 
(%)

Producer accuracy 
(%)

User 
accuracy 
(%)

Producer accuracy 
(%)

User 
accuracy 
(%)

Murree 78.84 98.72 96.41 90.88 95.74 99.82 99.38 99.09
Abbottabad 79.15 71.23 63.71 72.34 98.10 100.0 89.52 87.04
Kamlial 84.11 37.74 32.78 66.44 96.40 53.51 83.68 88.58
Patala 92.28 67.51 0.00 0.00 100.0 97.33 85.62 91.24
Surficial 91.30 10.82 66.41 67.45 100.0 79.27 88.46 87.79
Overall accuracy 56.51% 67.27% 95.83% 98.48%
Kappa statistics 0.51 (Weak) 0.63 (Moderate) 0.72 (Moderate) 0.86 (Strong)
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Lithological classification and accuracy assessment

Table 2 shows a summary of accuracy (%) and Kappa sta-
tistics of lithological classes obtained from LANDSAT 8 
OLI data and ASTER imagery classifications through MLC 
and SVM.

For the MLC classification using Landsat 8 OLI 
imagery, the producer accuracy of Muree, Abbottabad, 
Kamlial, Patala, and surficial formations is 78.84%, 
79.15%, 84.11%, 92.28%, and 91.30%, whereas user 

accuracy is 98.72%, 71.23%, 37.74%, 67.51%, and 10.82%, 
respectively. For the MLC classification using ASTER 
imagery, the producer accuracy of Muree, Abbottabad, 
Kamlial, Patala, and surficial formations is 95.74%, 
98.10%, 96.40%, 100.00%, and 100.00%, whereas user 
accuracy is 99.82%, 100.00%, 53.51%, 97.33%, and 
79.27%, respectively. The MLC performance improved 
from overall kappa and accuracy statistics are 0.51 and 
56.51% with Landsat imagery to 0.63 and 67.27% with 
ASTER data, respectively.

Fig. 6   Mineral map of the dis-
trict Poonch obtained through 
ASTER data with maximum 
likelihood classification 
(MLC) (a), with support vector 
machine (SVM) classification 
(b) classifiers
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For the SVM classification using Landsat 8 OLI imagery, 
the producer accuracy for Muree, Abbottabad, Kamlial, 
Patala, and surficial formations are 96.41%, 63.71%, 32.78%, 
0.00%, and 66.41%, and user accuracy is 90.88%, 72.34%, 
66.44%, 0.00%, and 67.45%, respectively. For the SVM clas-
sification using ASTER imagery, the producer accuracy of 
Muree, Abbottabad, Kamlial, Patala, and surficial forma-
tions is 99.38%, 89.52%, 83.62%, 85.62%, and 88.46%, and 
the user accuracy is 99.09%, 87.04%, 88.58%, 91.24%, and 
87.79%, respectively. The SVM performance is improved 
with overall kappa and accuracy statistics equal to 0.63 and 
67.27% and 0.86 and 98.48% with Landsat and ASTER 
imagery, respectively.

Discussions

We used MLC and SVM with ASTER and LANDSAT 8 OLI 
imagery to map minerals in the regional scale of the district 
Poonch of Azad Jammu and Kashmir (AJK). Field surveys 
conducted during 20–27 February 2019 used the GPS, geo-
logical hammer, and digital camera. The petrographic analy-
ses of field observations validated the mineral mapping from 
remotely sensed data.

The microscopic analyses show several primary sedi-
mentary structures in the study area. The interbed struc-
tures (or pre-depositional) generally consist of erosion fea-
tures. Under this category, we observed groove marks in the 
sandstone of the Murree Formation in the study area. The 
intra-bed structures (or syndepositional) consist of bedding 
in sedimentary rocks. Under this category, the sandstone 
beds range from 1 cm to a few meters in the study area. 
The Murree Formation bedding sandstone and laminations 
in sediments of shale are distinct. The asymmetrical ripple 
marks are observed in Nagri Formation sandstone (mid-
dle Siwaliks). In pebble imbrications, the clasts of variable 
size and composition in the Dhok Pathan Formation (upper 
Siwaliks) sandy matrix stacked against each other. The clasts 
are geared toward the current flow. The pebble imbrications 
from Jessa Pir conglomerates are reported in the study area.

The work of Kumar et al. (2020) has revealed that SVM 
outperforms other machine learning models irrespective of 
the input dataset used in the classification. In this study, we 
used the ASTER and Landsat data sets to identify lithologi-
cal formations. To this, the performance of the SVM classi-
fier appears better when used with ASTER imagery. How-
ever, in the case of SVM used with Landsat OLI imagery, 
the classifier could not perform well in deriving accurate 
and reliable identification of the Patala category. Contrarily, 
the Abbottabad Formation is missing in the maps prepared 
through classifying ASTER imagery by MLC and SVM. 
However, it appears in the map obtained through the SVM 
classifier with LANDSAT 8 OLI imager. It may be due to 

some spectral mixing associated with a specific alteration 
mapping that may better be differentiated with different 
imagery (Sekandari et al. 2020). Therefore, fusing the most 
useful thematic layers obtained from several sensors may 
produce more informative mineral maps at regional scales 
(Takodjou et al. 2020).

The work of Sheikhrahimi et al. (2019) found geochemi-
cal anomaly locations mostly surrounded by muscovite/illite 
mineral groups. It may be because the similarity-based meth-
ods SAM and SID may not well-matched the ASTER VNIR/
SWIR spectral bands to the reference spectra of selected 
end-member minerals. Here, the SVM classifier better iden-
tified the presence of muscovite KAI2

(

AISi3O10

)

(OH, F)2 
in the study area. Thus, SVM can better discriminate dif-
ferent lithological units for scenes with varying sizes and 
thresholds.

The Band Ratios Matrix Transformation (BRMT) devel-
oped by Askari et al. (2018) showed promising results to 
discriminate the boundary of sedimentary rock formations 
using ASTER VNIR and SWIR bands. The BRMT approach 
well identified the carbonate, quartz, and Fe, AI, Mg –OH 
bearing-altered minerals such as mica, laterite, and clay min-
eral kaolinite. In this study, SVM predominantly identified 
the presence of limestone, and dolomite, followed by laterite 
and kaolinite. However, since the SVM approach is less sen-
sitive to the number of samples (Kumar et al. 2020), it can be 
a better candidate for mapping sequences and mineral depos-
its in poorly exposed lithologies of inaccessible regions in 
Azad Jammu and Kashmir. Future studies can compare the 
BRMT and SVM approaches for those areas. Furthermore, 
the SVM applications need to investigate the potential of 
hyperspectral imagery for more precise and accurate mineral 
explorations over regional scales.

Conclusion

The new information extracted from ASTER specialized 
band ratios, MLC, and SVM revealed several potential fer-
rous silicates, dolomite, and limestone zones in the district 
Poonch of Azad Jammu and Kashmir (AJK). We observed a 
total area of 143 km2 for ferrous silicate, 392km2 for altered 
dolomite rocks, and 182 km2 for both titanium oxides and 
aluminum hydrated oxides. Overall, the northern part of the 
study area is high in limestone, comprising a total area of 
134 km2.

With ASTER imagery, the accuracy of the SVM clas-
sifier is better than MLC to obtain lithological classes 
with overall kappa statistics (0.86 Versus 0.72) and over-
all accuracy (98.48% versus 95.83%), respectively. With 
Landsat OLI imagery, once again, the accuracy of the 
SVM classifier is better than MLC to obtain lithological 
classes with overall kappa statistics (0.63 Versus 0.51) and 
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overall accuracy (67.27% versus 56.51%), respectively. 
Compared to MLC, the SVM classifier better identified 
the presence of muscovite in the study area. Through the 
field analysis and laboratory work, we confirm 90–95% 
accuracy of SVM with ASTER imagery to identify miner-
als and lithological sequences. Overall, the SVM classifier 
outperformed when used with ASTER imagery.
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