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Abstract: In this study, the satellite data of ASTER and Landsat 8 OLI were used for the discrimination
of lithological units covering the Khyber range. Of the 24 tested band combinations, the most
suitable include 632 and 468 of ASTER and 754 and 147 of OLI in the RGB sequence. The data
were also tested with two conventional machine learning algorithms (MLAs), namely maximum
likelihood classification (MLC) and support vector machine (SVM), for lithological mapping. Principal
component analysis (PCA), minimum noise fraction (MNF), band ratios, and color composites
in combination with available lithological maps and field data were utilized for training sample
collection for the MLC and SVM models to classify the lithological units. The accuracy assessment
of SVM and MLC was performed using a confusion matrix, which revealed a higher accuracy of
74.8419% and 72.1217% for ASTER and an accuracy of 58.4833% and 60.0257% for OLI, respectively.
The results indicate that ASTER imagery is more suitable for lithological discrimination in the study
area due to its high spectral resolution in the VNIR to SWIR range. The experiment revealed that
the SVM classification offered the highest overall accuracy of nearly 75% and the kappa coefficient
value of 0.7 on ASTER data. This demonstrates the effectiveness of SVM classification in exploring
lithological mapping in dry to semi-arid regions.

Keywords: remote sensing; machine learning; SVM; MLC; lithology; ASTER; OLI; Khyber

1. Introduction

One of the significant components in geology is the mapping of the various units
of rocks exposed on Earth’s surface, which is called lithological mapping. A lithological
map by itself provides a great amount of enlightenment on rock characteristics and is
very vital for economic geology. Lithological unit mapping can provide details on the
spatial distribution of various rock units and their structural occurrences, which can be
used to analyze and map potential mineralization zones [1–7]. Remote sensing (RS) has
gained popularity as a cost-effective and effective tool for regional lithological mapping,
particularly in arid and semi-arid environments [8–11]. For many years, optical imagery
collected by airborne and spaceborne sensors has been used extensively in mineral and
lithological exploration. Different rock types can display unique spectral absorption or
reflection patterns in the pertinent electromagnetic spectrum, depending on their mineral
compositions [12]. In the near-infrared (NIR), short-wave infrared (SWIR), and thermal
infrared (TIR) spectral ranges, several minerals exhibit discriminative behavior [12–14].
Remote sensing sensors capture electromagnetic (EM) spectra of various wavelengths that
are reflected or absorbed in order to identify materials based on their usual response as a
result of varied chemical and physical attributes. Therefore, researchers use the RS data
spectral bands to study and identify various lithologies using a variety of methodologies.
Large-scale mapping may be performed affordably with multispectral satellite sensors like
Landsat 8 and the Advanced Spaceborne Thermal Emission and Reflection Radiometer
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(ASTER). ASTER, launched in 1999 on the Terra platform, has three VNIR, six SWIR, and
five TIR spectral bands with spatial resolutions of 15, 30, and 90 m, respectively [15]. On
the other hand, Landsat 8 Operational Land Imager (OLI) and Thermal Infrared Sensor
(TIRS) images consist of nine spectral bands with a spatial resolution of 30 m for Bands 1 to
7 and 9. Aerosol and coastal research benefit from the usage of the new band 1 (ultra-blue).
The new band 9 is helpful in detecting cirrus clouds.

In the literature, multispectral Landsat, Sentinel 2, and ASTER images have been
widely utilized for geological structure mapping, lithology discrimination, geohazard
identification and mitigation, geomorphology and landform processes, and mineral ex-
ploration [14,16–21]. Digital image processing is the field of RS defined as the creation
of modified images that contain more information to support the visual interpretation of
features by manipulating remotely sensed data. Due to its higher spectral resolution in
the SWIR and TIR region than other multispectral data, ASTER has a greater potential
to perform semi-quantitative mineral mapping. This has allowed it to become the most
popular form of imaging in geological research, particularly in hydrothermal alteration
and lithological unit differentiation [20,22–24]. Even though the SWIR sensor of ASTER has
not been active since 2008, about 4 million images with nearly worldwide land coverage
have been recorded [25] with SWIR bands and are available for use. Principal component
analysis (PCA), band ratios, MNF, and decorrelation stretching have all been widely uti-
lized to map various lithologies, mostly using ASTER [2,6,7,9,24–27], Landsat 8 OLI [2,3,7],
and Sentinel-2 [4–6] or their fused combination [3,6,7,9,24–28].

Machine learning algorithms can be grouped into four main categories: supervised,
unsupervised, self-supervised, and reinforcement learning algorithms [29]. Supervised
algorithms are utilized to forecast the outputs that fit the provided targets. Unsupervised
techniques including clustering, PCA, and decorrelation stretching (DS) are used in the
preprocessing stage before the ML algorithm to improve the accuracy of the data annota-
tion [3,30]. In the literature, fused Sentinel-2 + ASTER data produced an SVM accuracy of
83.16% [31]; Sentinel-2 data produced MLC accuracy rates of 70% [32] and 76% [33]. So,
various ML algorithms outperform one another for different lithological formations when
using a variety of satellite data [34]. Due to their nonparametric methodology and capacity
to identify complex decision boundaries, SVM, deep learning, and neural network-based al-
gorithms are now the most popular [35]. Lithological unit classification from multispectral
and hyperspectral data is often performed at the pixel level. This is achieved by applying
analytical techniques that either use spectral parameters, such as the depths and symmetry
of the absorption features, spectral slopes at particular wavelengths, and band ratios, or
match a series of candidate spectra from a spectral library (in the field or laboratory) with
the pixel spectra (in an image) [36]. USGS spectral library values of some common minerals
found in lithological units of the study area are shown in Figure 1.
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Figure 1. The laboratory reflectance spectra of hematite, epidote, calcite, muscovite, illite, and kao-

linite extracted from the USGS Spectral library [37]. 
Figure 1. The laboratory reflectance spectra of hematite, epidote, calcite, muscovite, illite, and
kaolinite extracted from the USGS Spectral library [37].

This study investigated how remotely sensed data are able to assist in the discrimi-
nation of the lithological character of geological formations in the Khyber range, located
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near the Pakistan–Afghanistan border in KP, Pakistan (Figure 2). The attributes of different
lithological units with respect to remotely sensed data have not been thoroughly studied in
this region previously. The goal of this research is to determine the suitability of ASTER and
Landsat 8 OLI data for discriminating the lithological character of the study area. The study
also focuses on determining the best classifier between two common machine learning
classifiers: maximum likelihood classification (MLC) and support vector machine (SVM),
for lithological categorization of the study area.
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2. Regional Geology and Tectonics
2.1. Study Area

The study area lies in the Khyber district between 71◦9′0′′ E and 71◦22′0′′ E longitude
and between 33◦56′0′′ N and 34◦12′0′′ N latitude within the tribal belt of northwestern
Pakistan. The Orakzai district lies to its south, the Kurram district to the southwest, and
Peshawar to the east, whereas the Mohmand district lies to its north. It also borders the
Nangarhar province of Afghanistan in the west.

2.2. Geological and Tectonic Framework

The Khyber range formed in the western portion of the lesser Himalayas. The fold
and thrust belt of the Khyber range extends eastward up to the western margin of the
Basham and Swat crystalline nappes after covering by alluvial deposits of the Peshawar
basin [39]. Convergent tectonics transverse these ranges, which are highly deformed and
are characterized by tight, asymmetrical, or isoclinal folds imbricated by several thrusts [40].
The Silurian and Devonian systems are reported from the axial belt of the Khyber and
Nowshera–Swabi areas. The Punjal–Khairabad Fault System, which extends west from
Gari Habibullah to the Khyber Pass region, is located to the north of the Khyber range [41].
The Khyber range constitutes a transition zone with an igneous–metamorphic complex in
the north and sedimentary cover in the south [40]. To the north and south of the Khyber
range are the Kohistan Island arc and Kalachitta–Margalla range bounded by MMT and
MBT, respectively [42]. In the Late Triassic, postrift thermal subsidence led to marine
sedimentation [43]. Late Paleozoic to early Paleozoic E-W-trending doleritic dikes were
intruded into the Precambrian to Paleozoic rocks in the fold and thrust belt of the Khyber,
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Attock–Cherat, and Hazara ranges [41,44]. All the dikes and sills are found in the upper
section of the Khyber limestone and are therefore younger than the Paleozoic section of the
Khyber area.

2.3. Stratigraphic Setup of Khyber Area

The Khyber range exposes Paleozoic sedimentary successions such as the Cam-
brian Shagai formation, the Ordovician–Silurian Landi Kotal formation (LK), the Silurian–
Devonian Ghundai Sar formation (GS), and the Devonian Khyber limestone (K). The
Landikotal formation consists of an assemblage of slate, phyllite, and quartzite intruded by
basic rocks. This Silurian–Devonian-age formation is structurally highly deformed with
frequent repetition of strata. The dominant lithology in the Devonian Shagai formation is
massively bedded micritic limestone. The Devonian Ali Masjid formation (AM) consists
of sandstone at the lower portion and the presence of siltstone, volcanic ash, quartzite,
and conglomeritic beds at the top. According to [45], Khyber limestone is dominantly
composed of limestone with very little argillaceous and arenaceous partings. It has a
medium- to fine-grained texture, a thick-bedded structure, and some recrystallization. The
lower portion of this Carboniferous–Permian-age formation is more likely to include clays
and layers of arenaceous limestone. Ghundai Sar formation is a belt of Silurian–Devonian
coralline limestone exposed in the hills of Ghundai Sar, near Jamrud, Khyber district. The
lithological composition of the Lowera Mena formation (LMC) is dominated by phyllite,
phyllitic slates, and interbedded limestone with some quartzite. Quartz veins and granitic
intrusion are also common. The Murree formation (M) is dominated by silty shale and
sandstone occurring in association with Paleocene limestone. Bazar Limestone (B) is mostly
limestone, but not much literature is available on its composition. All these formations are
shown in the geological map of the study area in Figure 2.

2.4. Mineral Potential

The Khyber district possesses a wide variety of mineral resources. These deposits
include marble, limestone, dolomite, soapstone, silica sand, barite, mica, and graphite.
Semiprecious stones are also found at certain places within the district. Marble deposits are
found in the Mullagbri, Sultan Khel, Ghundai Sar, and Loe Shalman areas of the Khyber
district. Stratigraphically, the rocks containing marble extend continuously for about 14 km
between Ghundai Sar in the south and Shahid Mena in the north. Limestone is abundantly
available in the area and is the main source of building material for the area. The greater
parts of almost all the high mountains of the area extending from Loe Shilman in the north
to Aka Khel in the south are composed of limestone. Sizable reserves of dolomite are
available in the Khyber district in the Shilman and Mullagori area (Figure 2). Some coal
and fluorite presence has also been reported in the literature, and [46] also reported the
presence of localized lead mineralization in carbonate rocks of Jamrud, Khyber, Pakistan.

3. Materials and Methods
3.1. Datasets

The two types of multispectral satellite imagery, ASTER and Landsat 8 OLI, utilized
in this research were downloaded from the USGS EarthExplorer website (accessed on
12 January 2023) for free. In this investigation, the Khyber range, Pakistan, was covered
by a single cloud-free ASTER Level 1 Precision Terrain Corrected Registered at Sensor
Radiance (AST_L1T) picture. ASTER is an advanced multispectral sensor that was installed
on the Terra spacecraft in December 1999. It has 14 spectral bands, including three VNIR
bands with a 15 m spatial resolution, six SWIR bands with a 30 m spatial resolution, and
five TIR bands with a 90 m spatial resolution (Figure 3). In order to provide stereoscopic
capabilities, a further telescope is employed to look backward in the near-infrared spectral
range (range 3B) [47]. The AST_L1T output is generated by the NASA Land Processes Dis-
tributed Active Archive Centre once the original AST_L1A image has undergone geometric,
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radiometric, and cross-talk corrections [48]. The level-1B ASTER data that were used in this
study were collected on 15 May 2007.
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Figure 3. Visual representation of the operational land imager (OLI) and ASTER sensors. Adapted
from USGS Landsat Program [49]. ASTER: 1, green; 2, red; 3N/3B, NIR nadir-looking/NIR backward-
looking; 4–9, SWIR; 10–14, TIR. Landsat-8: 1, coastal aerosol; 2, blue; 3, green; 4, red; 5, NIR; 6, SWIR
1; 7, SWIR 2; 8, panchromatic; 9, cirrus; 10, TIRS 1; 11, TIRS 2 [50].

Landsat 8 OLI (with OLI and TIRS sensors) of the Landsat series utilized in this study
was launched by NASA on 11 February 2013. In comparison to Landsat 7 (ETM+), the
OLI has two extra bands, including a new deep blue band for observing coastal areas and
aerosols and an SWIR band for detecting cirrus (Figure 3). For lithological differentiation in
this investigation, one OLI scene taken on 16 October 2022 was used. Even though these
images were obtained in different seasons, the study area location is a perfectly exposed
place for lithological classification with little to no plant cover. So, the effects of vegetation,
clouds, or snow are not present in this study area.

3.2. Data Preprocessing

In order to remove the effects of water vapor and clouds and to convert the digital
counts to surface reflectance, the ASTER and OLI bands were preprocessed using Environ-
ment for Visualising Images (ENVI). All the ASTER bands were radiometrically calibrated
using the closest neighbor resampling approach and were resampled to 15 m resolution.
The final nine-band ASTER picture was created by combining the three VNIR bands and six
SWIR bands from the ASTER data, and a separate layer stack of TIR bands was also created.
The first 7 OLI bands were also radiometrically calibrated using the closest neighbor resam-
pling approach and were resampled to 30 m resolution. The Fast Line of Sight Atmospheric
Analysis Spectral Hypercubes (FLAASH) atmospheric correction model incorporates the
Moderate Resolution Transmittance (MODTRAN) radiation transfer code to remove the
atmospheric attenuations to produce reflectance imagery, which is then used to calibrate
the cross-talk-corrected nine bands of the ASTER image and seven bands of the OLI image
to surface reflectance.

To obtain spatially and radiometrically corrected images for spectral data analysis and
comparison, preprocessing processes were necessary. The ML task consisted of preprocess-
ing, training, and testing the model. To transform the given data into a format that only
provides relevant details about the problem, data preparation was necessary.

3.3. Minimum Noise Fraction (MNF)

Denoising the data from remote sensing is typically accomplished using the MNF [2].
A noisy data cube is transformed into output visuals with increasingly more noise. The
outcome is a steady decline in the MNF output images’ image quality, as shown in Figure 4
for the ASTER MNF. The linear transformation process of the MNF involves two steps:
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(1) First, a noise covariance matrix is used to rescale and decorrelate noise in the data, a
process known as noise whitening. Consequently, the noise has a unit variance, and no
band-to-band correlations are present. (2) The noise-whitened data are often modified
using the PCA approach.
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3.4. Principal Component Analysis (PCA)

During the preprocessing stage, the often-associated raw multidimensional dataset
variables are transformed into a new set of uncorrelated variables, each of which is repre-
sented by a collection of principle components, using a statistical approach called principal
component analysis (PCA). As a multivariate statistical data compression method, PCA
reduces the dimensionality of the data by compressing redundant or correlated data into
fewer bands [51]. A PCA produces independent, non-correlated output bands that are
frequently easier to understand compared to the original data. As much of the data’s
variability as possible can be explained by the first principal component, and as much
of the remaining variability as possible can be explained by each subsequent component.
Data variability is lowest for the first main component and increases for each subsequent
component [52]. PCA enhances the spectral features of surface material by lowering the
irradiance effects that predominate in all bands, removing duplicate data from several
bands, and condensing information to a few significant selected bands. These bands are
used as input for further examination by machine learning algorithms.

3.5. ASTER and OLI Band Combinations

Band combinations and false color composites (FCCs) are frequently employed for
mineral and lithological mapping in order to highlight spectral characteristics between the
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target and background materials. This also reduces the impacts of changes in albedo and
topographic slope [53–56].

3.6. Spectral Band Ratioing

By utilizing two spectral bands to compute a ratio image (division), band ratios
highlight the spectral variations across mineral targets. This eliminates the topographic
impact, which is roughly constant across all bands [57]. Bands are selected to draw attention
to a specific material’s presence [58]. The process of band selection involves examining the
target material’s spectral signature and selecting a wavelength band where the mineral
appears bright due to high reflection and a band where it appears dark due to significant
absorption. In order to obtain a higher ratio value (greater than 1.0) and make the target
mineral look brighter in the ratio image, the more reflective band is employed as the
numerator [59,60]. To distinguish the changed zones from the host rock, ratios were
therefore built using the spectral characteristics of the lithologies. According to [61], adding
images tends to accentuate information that is connected between bands and produces a
compounded impact. Therefore, band ratios are helpful data reduction strategies that bring
attention to the small spectrum differences hidden by the image’s brightness variations.

3.7. Machine Learning and Deep Learning-Based Techniques

Numerous machine learning techniques, including neural networks [62–64] and SVM,
employ linear hyperplanes rather than other algorithms to distinguish between classes.
For a variety of applications, such as mineral and lithological mapping [65], random forest
(RF) [66,67] has been used extensively. If the classes are not linearly separable in the feature
space, they are projected to a higher dimension to ensure linear separability [1,68–70]. To
learn the boundaries of different classes in the feature space, each of these methods relies
on pre-classified training data [35,71,72].

For lithological mapping, two popular machine learning algorithms—MLC and
SVM—were utilized to determine which classifier would perform best for lithological
classification. ASTER and Landsat 8 OLI multispectral data were evaluated for lithological
classification in the Khyber range study area, resulting in a number of data combinations.

ASTER’s and OLI’s band configurations in the VNIR and SWIR range are anticipated
to yield additional lithological unit diagnostic spectral characteristics. The SWIR and TIR
bands are typically thought to be the most crucial for differentiating lithologies [12]. For
example, limestone displays spectral alterations in the TIR range (10.25–11.65 m) and SWIR
range (2.10–2.30 m) [73,74]. However, robust machine learning (ML) methods must be
utilized to identify various rock types from limited data (without TIR bands). A streamlined
sequence flow diagram of the aforementioned procedure is shown in Figure 5.

3.7.1. Training and Testing Samples

More than 200 training samples were selected by carefully reviewing the geological
formation map (Figure 2) and field data. The 14 bands of ASTER and 7 bands of OLI
were used to classify lithological units. The study area is 641 km2 in size. The training
dataset was meticulously chosen manually by taking into account the distributions and
textural characteristics of the nine geological units shown in Figure 2. The MLC and SVM
classifiers directly used the training datasets. Additionally, 110 randomly chosen ground
truth locations from the research region were chosen as a testing dataset based on the
geological map (Figure 2) and field data.

3.7.2. Supervised Classification Algorithms

In machine learning (ML) applications, the most frequently used supervised classi-
fication algorithms are SVM and MLC, which offer insightful information through cloud
computing using geographical data. After machine learning models are trained using
training data, their performance is assessed through cross-validation [51]. A classification
function reduces the prediction error and often learns the complex input–output connection
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patterns to link the input data (features) with the output class or (target labels). The inputs
are represented by n-vectors (X1, X2, . . ., Xn), while the results are given as finite k class
labels (Y1, Y2, . . ., Yk). Training and testing sets are created from datasets. The lithological
units in the study area were classified using two machine learning techniques, MLC and
SVM. The used algorithms are briefly explained in the subsections that follow.
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3.7.3. Maximum Likelihood Classifier

The maximum likelihood classification (MLC), initially suggested by German math-
ematician C.F. Gauss in 1821 for the normal distribution, is one of the most popular
supervised classifiers in remote sensing [75–77]. This method, which is based on the as-
sumption that the probability density function for each class is multivariate, assigns an
unknown pixel to the class to which it has the highest possibility of belonging [75,78].
MLC is a widely used multivariate statistical classification technique that is included in a
number of image processing software programs, including PCI, ERDAS, and ENVI. This
classifier was applied to many datasets for lithological categorization in this work using
ENVI 5.3 software, which was provided by Exelis Visual Information Solutions in the
Boulder, CO, USA.

3.7.4. Support Vector Machine (SVM)

The mineral exploration industry commonly uses support vector machines (SVMs)
to handle data from remote sensing [3,68,79,80]. SVM can offer nonlinear decision limits
in high-dimensional variable space [81,82], which can be utilized to resolve a quadratic
optimization problem [72]. SVM uses a hyperplane to categorize the provided dataset in
an n-dimensional space as its classification method. The hyperplane that indicates the
greatest gap between two classes is a logical option for the best hyperplane. It is possible to
represent target detection using the SVM approach as a dichotomy.
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Basic SVM theory states that several hyperplanes can separate different classes in a
nonlinearly separable dataset with points from two classes. Only a portion of the “k” train-
ing samples—referred to as support vectors—are utilized to create the decision boundary,
or the hyperplane that separates classes in the most efficient manner. The greatest decision
boundary between the support vectors yields the best outcome across classes.

The lithological units were mapped using the ENVI SVM classifier on the basis of the
training dataset. SVM received the chosen training data from the ML algorithm right away.
The kernel type, cost parameter (C), and gamma coefficient are the three most important
variables that have a major impact on SVM performance [1]. While the gamma parameter
regulates the SVM model’s nonlinearity, the penalty parameter sets a limit on the amount
of error that may be permitted in the training set. Trial and error were used to randomly
modify the algorithm’s parameters in order to assess its performance. These cost (penalty)
parameters were examined together with the gamma coefficient and other kernels.

According to a previous study [83], the SVM technique can use a variety of standard
kernel functions, such as sigmoid, linear, polynomial, and radial basis functions. The
accuracy of SVM training and classification depends on the choice of kernel functions.
Since degree 1 polynomials are the simplest, they identify patterns more quickly than
other kernels. For lithological mapping in this work, the SVM classifier built in ENVI was
employed. The kernel type chosen was the radial basis function, the gamma in the kernel
function was 0.091, and the penalty parameter was set to 100 [68].

3.7.5. Accuracy Measures

The efficacy of the MLC and SVM classifiers was assessed using the kappa coefficient,
the producer accuracy (PA), and the user accuracy (UA), accuracies of the confusion
matrix [84]. The ratio of accurate pixels to all of the pixels in the error matrix is known
as the overall accuracy (OA), or pixels associated with class Y but mistakenly recognized
as class Y. When pixels are categorized as class Y but are not connected to class Y, the UA
provides commission errors as a sign of the algorithm’s reliability. The PA additionally
includes the number of times an algorithm incorrectly labels a pixel as Y and omission
mistakes for specific classes. Using random classification analyses to account for the
possibility that agreements could emerge by accident, the kappa coefficient is a statistical
indicator of how well a classified map agrees with reference data [85]. The kappa coefficient
ranges from 0 to 1, with values closer to 0 indicating more categorization uncertainty and
values closer to 1 indicating less. In order to verify the accuracy of the findings produced
by these ML algorithms, fieldwork for ground truth observations was also conducted in
the research region.

3.8. Lineament Mapping

A lineament is a region that undergoes deformation and fracturing, indicating a zone
with increased secondary porosity that facilitates the flow of mineralized fluids. The PCI
Geomatica Automatic Lineament Extraction algorithm (PCI-LINE) was utilized to map
lineaments utilizing Landsat-8 data. Edge detection, thresholding, and curve extraction
are the three steps that the PCI-LINE module typically uses to extract lineaments. ArcMap
10.5 was used to handle the extracted line segments, which included exporting the line
segment shape file, modifying the line properties, and transforming complex lines into
simple lines [86].

3.9. Field Data Validation

Fieldwork was also carried out at the study area to validate the lithological mapping
results of remote sensing studies, and rock samples were also analyzed for petrographic
studies to identify mineralogical compositions. Details of field and laboratory studies are
discussed in Section 5.
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4. Results
4.1. Minimum Noise Fraction (MNF) Transformation

After the MNF method was applied to the OLI and ASTER subset data, a substantial
decline in eigenvalue magnitude vs. MNF band number occurred between 1 and 7 for OLI
and between 1 and 9 for ASTER. In order to enhance the outcomes of the subsequent spectral
processing, MNF components with eigenvalues less than 1 are frequently eliminated from
the data as noise [87]. As a result, for further data processing, all nine bands of the ASTER
data and the seven bands of the OLI data were kept. The greatest information is often
carried by the first few MNF bands, whereas the noise level in later bands increases. It was
clear from a visual examination of the MNF bands that a heterogeneous surface composition
was possible in the research region.

4.2. Principal Component Analysis (PCA)

The results of the PCA are displayed in Figures 6 and 7. To obtain the greatest
visualization results, we further allocated these PC bands to RGB band combinations for
color composite production as shown in Figures 6 and 7. The ASTER RGBs include PC1,
PC4, PC6 (Figure 6a) and PC3, PC5, PC7 (Figure 6b). The OLI RGBs include PC1, PC3,
PC4 (Figure 7a) and PC2, PC4, PC7 (Figure 7b). These PC band RGB combinations of
ASTER and OLI are shown to significantly discriminate the lithologies in the study area
(Figures 6 and 7).
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Figure 6. (a) ASTER RGB of PC1, PC4, PC6. (b) ASTER RGB of PC3, PC5, PC7. The boundaries of
geological formations (Figure 2) are marked in white color in these figures to show PCA classification
in relation to the geological map.

4.3. Color Composite

Based on the known spectral characteristics of the alteration minerals and rocks with
respect to the chosen spectral bands, false color composites were created for OLI and
ASTER using ENVI. To map the lithological units for this investigation, many different
false color composites were created using different band combinations, but those providing
better results than others on the basis of geological map and field data are shown in
Figures 8 and 9. Carbonate minerals, such as calcite and dolomite, can be identified using
the SWIR bands of ASTER, and the CO3 group can be highlighted using ASTER TIR bands.
Band 8 of the ASTER SWIR dataset records the CO3 absorption feature at a wavelength of
2.34 µm, which is the diagnostic absorption trough for carbonate-rich lithologies [88].
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Figure 7. (a) Landsat OLI RGB of PC1, PC3, PC4. (b) Landsat OLI RGB of PC2, PC4, PC7. The
boundaries of geological formations (Figure 2) are marked in white color in these figures to show
PCA classification in relation to the geological map.
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Figure 8. (a) ASTER color composite (RGB:632). (b) ASTER color composite (RGB:468). The bound-
aries of geological formations (Figure 2) are marked in white color in these figures to show PCA
classification in relation to the geological map.

4.4. Band Ratios

In order to improve the spectral emissivity pattern of quartz, we used the quartz index
(QI), a ratio proposed in [89] which is based on bands 10–13 of ASTER, and the result
is shown in Figure 10. Quartz has a more pronounced spectral emissivity pattern with
emissivities in the range 0.30–1.00 (Figure 1). Quartz has a lower spectral emissivity in
bands 10 and 12, and the spectral emissivity patterns of quartz-bearing rocks also exhibit
the Reststrahlen property.
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To discriminate carbonate minerals in the study area, we used ASTER L2 TIR ratio band
13/band 14 (Figure 11), as employed in [89] to successfully delineate carbonate minerals
in Nevada. The emissivity feature of carbonate minerals is a result of CO3 vibrations in
the TIR region at ASTER band 14. Because of the influence of temperature information,
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carbonate minerals’ spectral emissivity is weaker than quartz’s and may be difficult to
identify in the ASTER L1B daytime TIR FCC image.

4.5. SVM and MLC Classification Results

To optimize the lithological classification of the study area using remote sensing data,
we experimented with training SVM and MLC with different combinations of input data
selected from ASTER and OLI images. ROIs covering different lithological units were
selected using the field data, literature, and the preceding geological maps. The SVM and
MLC image classification results are shown in Figures 12 and 13, respectively. Following
the algorithm classification results, the classification’s accuracy is evaluated by creating a
confusion matrix and pixel-by-pixel comparing the output with the geological map and
field data. Reviewing the confusion matrix of SVM reveals kappa values of 0.7 and 0.5036
and overall accuracy rates of 74.8419% and 58.4833% for ASTER and OLI, respectively.
Reviewing the confusion matrix of MLC reveals kappa values of 0.6764 and 0.5398 and
overall accuracy rates of 72.1217% and 60.0257% for ASTER and OLI, respectively.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 13 of 30 
 

is shown in Figure 10. Quartz has a more pronounced spectral emissivity pattern with 

emissivities in the range 0.30–1.00 (Figure 1). Quartz has a lower spectral emissivity in 

bands 10 and 12, and the spectral emissivity patterns of quartz-bearing rocks also exhibit 

the Reststrahlen property. 

 

Figure 10. Quartz index = (band 11/(band 10 + band 12))*(band 13/band 12). The bright pixels rep-

resent quartz dominance. 

To discriminate carbonate minerals in the study area, we used ASTER L2 TIR ratio 

band 13/band 14 (Figure 11), as employed in [89] to successfully delineate carbonate min-

erals in Nevada. The emissivity feature of carbonate minerals is a result of CO3 vibrations 

in the TIR region at ASTER band 14. Because of the influence of temperature information, 

carbonate minerals’ spectral emissivity is weaker than quartz’s and may be difficult to 

identify in the ASTER L1B daytime TIR FCC image.  

   

Figure 11. Carbonate ratio = band 13/band 14. The bright pixels represent quartz dominance. Figure 11. Carbonate ratio = band 13/band 14. The bright pixels represent quartz dominance.

With a polynomial kernel of degree 1 and a cost parameter of 0.02, SVM performs
best at a gamma value of 1/6. Both algorithms received identical training samples, which
were gathered after the data had been preprocessed. Good results were reported for both
algorithms, with training and validation accuracy of over 70% for ASTER.

The PA and UA of MLC and SVM are shown in Tables 1–4 and total ground truth
pixels are shown in Table 5 for each lithological unit mapped, but unclassified and water
values have been removed from these for a better understanding of lithological units. Using
OLI, Ghundai Sar (GS) and Khyber limestone (K) had the highest UA for MLC classification,
and the Ali Masjid formation (AM) had the highest UA for SVM classification. The UA of
almost all formations was higher in SVM and MLC classifications using ASTER than those
using OLI.
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Figure 12. (a) ASTER SVM classification showing mapping results for different lithologies: Murree
formation in dark greyish, Ghundai Sar formation in brownish color, Khyber limestone as mostly red,
Shagai formation shale as dark green, river as yellow. (b) OLI SVM classification results showing
different lithologies mapped: Murree formation in greenish color, Ghundai Sar formation in orchid
purple, Khyber limestone as mostly sky-blue color, Shagai formation shale as navy-blue color, Bazar
limestone as blue color, river as magenta color. The boundaries of geological formations (Figure 2) are
marked in white color in these figures to show SVM classification in relation to the geological map.
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Figure 13. (a) ASTER MLC classification results, showing different lithologies mapped; Murree
formation in royal purple color, Ghundai Sar formation in pink color, Khyber limestone as mostly
light green color. (b) OLI MLC classification results showing different lithologies mapped: Murree
formation in bright pink color, Ghundai Sar formation in sea green color. The boundaries of geological
formations (Figure 2) are marked in white color in these figures to show SVM classification in relation
to the geological map.
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Table 1. Confusion matrix of support vector machine (SVM) classification using ASTER.

Formations M B K SL SS AM LK GS LMC Producer
Accuracy (%)

User
Accuracy (%)

Murree Formation
(M) 1195 12 101 0 0 0 0 0 0 88.52 80.96

Bazar Limestone
(B) 1 54 6 1 2 0 0 0 0 44.26 84.38

Khyber Limestone
(K) 72 53 1345 8 133 23 160 45 0 79.82 73.14

Shagai Formation
Limestone

(SL)
0 0 2 89 21 3 2 0 2 40.09 74.79

Shagai Formation
Shale
(SS)

46 3 95 116 656 48 15 9 18 65.73 65.21

Ali Masjid Formation
(AM) 0 0 36 0 17 169 5 2 2 62.83 73.16

Landi Kotal Slates
(LK) 36 0 79 1 5 13 421 69 9 56.43 66.51

Ghundai Sar Formation
(GS) 0 0 18 0 29 0 107 813 52 83.13 79.78

Lowara Mena Complex
(LMC) 0 0 3 7 3 0 15 38 291 77.81 81.51

Total 1350 122 1685 222 998 269 746 978 374

Table 2. Confusion matrix of maximum likelihood classification (MLC) using ASTER.

Formations M B K SL SS AM LK GS LMC Producer
Accuracy (%)

User
Accuracy (%)

Murree Formation
(M) 1104 0 31 0 79 0 3 0 0 81.78 90.71

Bazar Limestone
(B) 34 112 20 0 10 0 0 0 0 91.8 63.64

Khyber Limestone
(K) 26 0 1149 0 71 0 82 37 0 68.19 84.18

Shagai Formation
Limestone

(SL)
8 0 5 199 142 0 3 0 0 89.64 55.74

Shagai Formation
Shale
(SS)

49 0 129 16 504 16 9 3 6 50.5 68.85

Ali Masjid Formation
(AM) 0 0 24 0 69 225 4 0 0 83.64 69.88

Landi Kotal Slates
(LK) 30 0 121 0 2 4 507 94 6 67.96 66.36

Ghundai Sar Formation
(GS) 1 0 35 0 20 0 52 728 4 74.44 86.67

Lowara Mena Complex
(LMC) 0 0 2 0 4 0 27 30 326 87.17 83.8

Total 1350 122 1685 222 998 269 746 978 374
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Table 3. Confusion matrix of support vector machine (SVM) classification using OLI.

Formations M B K SL SS AM LK GS LMC Producer
Accuracy (%)

User
Accuracy (%)

Murree Formation
(M) 302 23 65 3 49 7 3 6 0 73.3 65.94

Bazar Limestone
(B) 6 23 12 7 0 0 0 1 0 50 46.94

Khyber Limestone
(K) 67 0 408 0 42 0 60 12 0 70.59 69.27

Shagai Formation
Limestone

(SL)
0 0 2 24 13 1 1 1 0 27.27 57.14

Shagai Formation
Shale
(SS)

34 0 30 46 163 48 69 35 6 46.18 37.82

Ali Masjid Formation
(AM) 0 0 1 0 6 33 2 1 1 33.67 75

Landi Kotal Slates
(LK) 3 0 40 0 28 0 90 44 0 35.71 43.9

Ghundai Sar Formation
(GS) 0 0 19 8 40 5 26 225 45 62.85 61.14

Lowara Mena Complex
(LMC) 0 0 1 0 12 4 1 33 75 59.06 59.52

Total 412 46 578 88 353 98 252 358 127

Table 4. Confusion matrix of maximum likelihood classification (MLC) using OLI.

Formations M B K SL SS AM LK GS LMC Producer
Accuracy (%)

User
Accuracy (%)

Murree Formation
(M) 273 1 39 0 57 0 3 5 0 66.26 72.22

Bazar Limestone
(B) 64 45 16 1 0 0 0 0 0 97.83 35.71

Khyber Limestone
(K) 43 0 361 0 13 0 12 21 0 62.46 80.22

Shagai Formation
Limestone

(SL)
0 0 5 68 40 12 5 3 7 77.27 48.57

Shagai Formation
Shale
(SS)

15 0 32 3 113 4 18 10 4 32.01 56.78

Ali Masjid Formation
(AM) 3 0 0 9 40 73 18 6 0 74.49 48.99

Landi Kotal Slates
(LK) 2 0 83 0 47 1 171 54 0 67.86 47.77

Ghundai Sar Formation
(GS) 0 0 13 2 9 3 19 189 1 52.79 80.08

Lowara Mena Complex
(LMC) 0 0 0 0 10 0 1 47 92 86.79 61.33

Total 412 46 578 88 353 98 252 358 106
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Table 5. Total ground truth pixels of each class for MLC and SVM classifiers using OLI and ASTER.

Class
ASTER SVM
Total Ground
Truth Pixels

ASTER MLC
Total Ground
Truth Pixels

OLI SVM
Total Ground
Truth Pixels

OLI MLC
Total Ground
Truth Pixels

Murree Formation (M) 1476 1217 458 378

Bazar Limestone (B) 64 176 49 126

Khyber Limestone (K) 1839 1365 589 450

Shagai Formation Limestone (SL) 119 357 42 140

Shagai Formation Shale (SS) 1006 732 431 199

Ali Masjid Formation (AM) 231 322 44 149

Landi Kotal Slates (LK) 633 764 205 358

Ghundai Sar Formation (GS) 1019 840 368 236

Lowara Mena Complex (LMC) 357 389 125 150

Total 6744 6162 2334 2186

5. Discussion

The remote sensing and ML methods discussed above were evaluated in this study
for lithological classification of the well-exposed Khyber area having negligible plant cover.
Irrational geological conclusions might result from human error coupled with inaccessibility
to challenging terrain. Remote sensing can help explorers to identify specific regions of
interest by geological mapping.

5.1. Principal Component Analysis (PCA)

In order to visualize the lithological variance, this study makes use of PCA- and
MNF-transformed bands. The PCA approach yields results that compare favorably with
existing geological maps and field data, indicating a very high level of accuracy. Since their
eigenvalue and standard deviation statistics likewise show a contrastive broader range
and cover maximum variability (Tables 6 and 7), these composites effectively displayed
maximal lithological discrimination.

Table 6. Statistical details of eigenvectors of each ASTER band against the individual principal components.

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

PC1 −0.3069 −0.317 −0.2935 −0.3387 −0.3494 −0.3491 −0.3502 −0.3506 −0.339 0.9813

PC2 −0.6513 −0.5828 0.0871 0.3374 0.1866 0.2215 0.1312 0.0706 0.0931 0.5986

PC3 −0.0177 0.0343 −0.9214 −0.0771 0.1762 0.137 0.1927 0.198 0.1321 0.3776

PC4 0.1369 0.0404 −0.0732 0.3061 0.2298 0.1811 0.1761 −0.1423 −0.8624 0.1179

PC5 −0.0149 −0.2161 0.2 −0.6225 −0.0066 −0.0429 0.4178 0.529 −0.2632 0.0508

PC6 −0.646 0.685 0.024 0.0601 −0.114 −0.1117 −0.0119 0.2484 −0.1485 0.0197

PC7 −0.201 0.1887 0.1042 −0.5265 0.463 0.4255 −0.038 −0.4844 0.0661 0.0135

PC8 0.0149 0.0161 −0.0224 −0.0294 −0.6907 0.7207 0.0271 −0.0065 −0.0315 0.0105

PC9 0.0666 −0.0726 0.0032 −0.0506 0.234 0.2505 −0.7843 0.4863 −0.1365 0.0101

The combination of the first three main components (PCs 1, 2, and 3) was used in [90] to
characterize the lithological variance of volcanic, meta-sedimentary, and sedimentary com-
plexes. Using composites of one to five principal components from the ASTER dataset [91]
mapped the host lithologies of igneous and sedimentary origin and delineated the vari-
ous mineralized zones, such as the alteration zone, manganese, and serpentinite [91–93].
Similarly, for the Buka Daban mountain in northern Tibet, China, considerable sedimen-
tary succession differentiation was accomplished thanks to different RGB combinations of
MNF-transformed VNIR and SWIR bands from ASTER, Landsat-8, and Sentinel-2 satellite
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sensors [94]. In this study, we used PCs 1, 4, 6 and 3, 5, 7 of ASTER and PCs 1, 3, 4 and 2, 4,
7 of OLI as RGBs for lithological classification of the study area. Figures 6 and 7 indicate
that the combinations were very helpful for discriminating lithologies.

Table 7. Statistical details of eigenvectors of each OLI band against the individual principal components.

Eigenvectors Band 1 Band 2 Band 3 Band 4 Band 5 Band 6 Band 7 Eigenvalues

PC1 −0.3733 −0.3856 −0.3966 −0.396 −0.336 −0.3722 −0.3826 0.9429

PC2 −0.432 −0.3733 −0.2315 −0.1587 0.5635 0.4568 0.2627 0.6768

PC3 0.2586 0.1392 0.0233 −0.2248 0.7028 −0.2594 −0.549 0.205

PC4 0.5289 0.1785 −0.4088 −0.6192 −0.1317 0.2448 0.2462 0.0605

PC5 −0.0177 −0.0194 −0.0204 −0.0826 0.2248 −0.7219 0.6484 0.0079

PC6 0.2269 −0.044 −0.7473 0.6118 0.0856 −0.0672 −0.0452 0.005

PC7 −0.525 0.8114 −0.2501 −0.0552 0.018 0.003 −0.0079 0.002

5.2. Color Composites

Numerous researchers have used various color composite techniques to identify
different lithologies [95–102]. A review of the literature has shown that there is no strict rule
dictating the use of any particular color composite combination for lithological mapping.
The color composite combinations that effectively discriminated the lithologies in the study
area included RGB:632, RGB:468 and RGB:754, RGB:147 of ASTER and OLI, respectively,
as shown in Figures 8a,b and 9a,b. The Murree formation (M), Shagai formation shale
(SS), Ghundai Sar formation (GS), and Lowara Mena complex (LMC) have been very well
mapped by these combinations. The contact between Ghundai Sar formation (GS), Lowara
Mena complex (LMC), Landi Kotal slates (LK), Khyber limestone (K), and Murree formation
(M) is clearly marked.

Fieldwork was carried out to collect samples for laboratory studies and to cross-
check the relationship between remote sensing results and field observations, as shown in
Figure 14. Overall good results were obtained using FCC in this study, highlighting the
areas of changing lithological character that could be matched with field results (Figure 14).
Using an RGB band combination makes it simple to identify lithological contacts and can
greatly aid with the laborious lithological contact mapping in the field. To use this strategy,
one must be aware of the targeted pixels’ highly reflecting peaks, which will make them
stand out as bright pixels. For instance, the ASTER RGB:468 composite suggests that all
of the constituent materials—clays, iron oxides, and calcites—are mapped onto the red
band because of their strong reflecting feature in band 4. Additionally, calcite exhibits a
reflecting feature in band 6, indicating that the combination of red and green in the band
combination RGB:468 causes calcite to exist in yellow-hued tints. Because calcite lacks iron,
it has no absorption at band 6 and has absorption at band 8, which is caused by CO3. The
electromagnetic spectrum’s SWIR area contains all of the chosen bands. Clays, carbonates,
and sulfate minerals exhibit characteristic absorption characteristics in this wavelength
range, resulting in unique colors on the image representing the dominant lithological
character. These bands were chosen mainly because it is important to draw attention
to the spectral diagnostic characteristics of carbonate band 4, sericite/illite band 6, and
ferruginous alteration (iron oxides) band 8. Because all hydroxyl-containing minerals have a
high reflectance in band 4, this band was chosen to emphasize the majority of clay minerals
as brilliant red. The clay absorption feature is in the center of band 6, and the carbonate
feature is at the center of band 8. Band 8 highlights the following elements: tourmaline,
carbonates, biotite, and epidote. Figure 8b displays the findings for the normalized RGB:468
band combination of ASTER.
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Figure 14. (a) Oriented photograph showing dolerite intrusion in the Khyber limestone. These
intrusions exist in the form of dikes and sills. (b) Field photograph showing contact between Khyber
limestone and Shagai formation. (c) A distant view of the contacts between the outcrops of Landi
Kotal slate, Khyber limestone, and Shagai formation in the study area. (d) Figure showing the sample
from Ghundai Sar formation in the study area.

Since all hydroxyl-containing minerals are strongly reflective in band 4, standard RGB
band combinations are unable to distinguish between them individually. This means that
the detail to which typical color composites can be applied is limited. Nonetheless, stan-
dard RGB combinations remain helpful when attempting more intricate and sophisticated
mapping approaches first and one has to obtain a rough idea of the geological makeup of
the study area.

5.3. Band Ratios

Si–O stretching vibrations cause quartz to display a distinctive spectral emissivity
pattern in the TIR range. Because of the spectral characteristics of quartz in ASTER bands
10, 11, and 12, the QI formula distinguishes the fine details in the QI image (Figure 10). The
QI image produced by this formula using ASTER emissivity data identifies quartz-rich
zones. The quartz index image is of higher quality when band 13 is used in the formula. QI
image shows that most of the Landi Kotal slate (LK) and Shagai formation shale (SS) and
part of the Lowara Mena complex (LMC) are dominated by the presence of quartz, and this
can also be verified in the petrographic study results (Figure 15). The carbonate band ratio
image (Figure 11) shows that most of the Khyber limestone (K) and part of the Ghundai Sar
formation (GS) are dominated by the presence of carbonate, and this can also be verified in
the petrographic study results (Figure 15).

5.4. Machine Learning Algorithms (MLAs)

The SVM and MLC approach classifies the studied lithological units in the study region
with results very much matching the geological map, with some exceptions. In general,
the ASTER sensor outperformed the OLI sensor, and the SVM outperformed the MLC for
lithological classification of the study area. Additionally, the synthetic character of the
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borders between lithological units and the generalization used in the creation of geological
maps both have an impact on the overall accuracy attained. The SVM well discriminated
the Murree formation in both ASTER and OLI, represented in dark greyish and greenish
color, respectively, in the resultant maps (Figure 12a,b). The SVM also well discriminated
the Ghundai Sar formation in both ASTER and OLI, represented in dark greyish and
greenish color, respectively, in the output SVM classification maps. The SVM classification
for Khyber limestone using ASTER is shown as reddish, Shagai formation shale as dark
green, and river as yellow color in Figure 12a. The SVM classification using OLI for the
Ghundai Sar formation is shown in orchid purple, Khyber limestone in mostly sky-blue
color, Shagai formation shale in navy-blue color, bazar limestone in blue color, and river in
magenta color (Figure 12b). The MLC classification results for the Murree formation using
ASTER are shown as royal purple color, Ghundai Sar formation as pink color, and Khyber
limestone as mostly light green color in Figure 13a. The MLC classification using OLI for
the Murree formation is shown in bright pink color and the Ghundai Sar formation in sea
green color in Figure 13b. A total of nine lithological units were mapped in this research. A
field visit was carried out to verify the classified lithologies on the ground, which indicated
that the results of this study are mostly in accordance with the field features/lithologies
(Figure 14). ML maps showed that the following lithostratigraphic units were detected in
the field: Khyber limestone, Shagai formation, Landi Kotal slate, Lowara Mena complex.
Khyber limestone covered the majority of the outcrops in the area that was mapped. The
field validation and sample petrographic results also indicate a good correlation with the
ML-produced lithological maps as shown in Figures 14 and 15. The mineral compositions
using petrographic studies of the samples from different lithologies (Landi Kotal slate,
Shagai formation, Khyber limestone) of the study area are shown in Figure 15.
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Figure 15. (a,b) Photomicrographs showing texture of phyllite and foliated basic rock from
Landi Kotal slate. Weakly developed differential cleavage is defined by elongated fine-grained
muscovite and elongated quartz grains. Oxide-filled veins crosscut the main fabric in the phyllite.
(c) Photomicrograph of sample from Shagai formation showing calcite-filled fracture in a muddy



Appl. Sci. 2024, 14, 5064 21 of 28

matrix. (d) Sample collected from Khyber limestone, showing fractured spray to micritic limestone
with recrystallized matrix and locally well-developed cross-hatched calcite crystals. The fracture in
the rock is filled with opaque minerals that crosscut the main fabric of the recrystallized limestone.

5.5. MLA Classification Accuracy

The classification accuracy of the lithological map produced from each classifier and
dataset stated above was assessed using the following metrics: overall accuracy, producer
accuracy, and kappa coefficient, which were derived from the confusion matrix. The overall
accuracy may be calculated by dividing the total number of correctly identified pixels by
the total number of test pixels. The likelihood that a classifier has accurately classified an
image pixel is known as the producer’s accuracy, and the likelihood that a pixel has been
properly categorized into its pre-specified class is known as the user’s accuracy. The kappa
coefficient quantifies the level of agreement between the classified map and the reference
data. The whole accuracy is not the same as the kappa coefficient, which assesses the
consistency of the results and accounts for the entire contingency matrix [103]. The purpose
of the evaluation was to compare the results of different methodologies and datasets in
order to determine how successfully classification techniques may be utilized to map the
lithology of the study region.

Even though the supervised technique MLC is counted among the best for many
purposes, its utilization for lithology categorization in the Khyber area shows somewhat
lower consistency as compared to SVM. Different rock units could differ in weathering
susceptibilities due to differences in mineralogical composition, age, texture, and erosion
rate [104]. This leads to a variety of topographic expressions in the field. For example,
alluvium deposits frequently form flatlands, whereas igneous or metamorphic rocks, due
to their low erosion, produce towering hills. The topographic behavior of lithologies could
also be responsible for comparatively higher user and producer accuracy. For a better
understanding of lithological discrimination, DEM data can be used for understanding the
differences in analysis. The data from satellite-derived DEMs might be used to quantify the
topographical manifestations of rock units (Figure 16).
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5.6. Discriminating Capability of ASTER and OLI

In order to discriminate alteration mineral associations, the Landsat OLI sensor has
two SWIR bands [105–110]. Clay, sulfate, and carbonate types cannot be adequately distin-
guished by OLI SWIR bands [111]. In contrast, the ASTER instrument has five temperature
bands and six SWIR bands, which can enhance the extraction of lithologic and mineral char-
acteristics. The application of RS techniques for lithologic mapping and mineral prospecting
is now the subject of many publications. The aforementioned classification study indicates
that ASTER data are a more useful tool for lithologic mapping than OLI. The relative
strength of OLI and ASTER data for lithological information extraction shows that the total
accuracy of the mapping results obtained from the ASTER dataset in this investigation is
higher than the values obtained from the OLI image (Tables 1–4). This is because ASTER
has a higher spatial resolution in the SWIR range than OLI, so the classification accuracy of
lithological units obtained from the ASTER dataset is higher than that for the OLI dataset.
Furthermore, because of the significant SWIR absorption properties of silicate minerals in
ASTER bandpasses, ASTER is superior to OLI in the classification of different lithological
units [112].

5.7. Comparison with Existing Maps

Using data from ASTER and OLI satellite imagery, the task of mapping different
lithologies with mineralogical dissimilarities was successfully completed using remote
sensing techniques and AI algorithms. Figure 17 is used to support the argument that the
lithological detail and accuracy of the previously published geological map had improved.
The current study’s integrated remote sensing-based approach effectively addresses these
drawbacks of traditional geological mapping. Researchers [113] employed ASTER data
along with field data to map the lithological variance within an accretionary complex.
Geological mapping at 1:20,000 scale has been conducted using the same integrated remote
sensing and field data methodology [114]. In the semi-arid northeastern Kohat plateau
region of Pakatan, ref. [115] used PCA, band ratios, and false color composites as image
processing and enhancement techniques to perform lithological differentiation. The lithol-
ogy classification results in this study proved to be good with the exception of the Landi
Kotal slates and Lowara Mena complex. The reason for this could be that the rock in this
formation was not as exposed to the elements as other formations. Additionally, the miner-
alogical and chemical composition of the rock at the sub-pixel level, soil cover, vegetation
coverage, atmospheric factors, and the image’s spatial and spectral resolution could all
have an impact. SVM beats MLC in terms of accuracy for all forms, which suggests that it
provides a more complete picture of the area. Also, ASTER shows more improved results
than OLI, which could be due to ASTER data’s high resolution and strong computational
efficiency. It is also necessary to look at how potential mineral mixing can affect the preci-
sion of lithologic classification and mapping using multispectral data. With this kind of
study, it is possible to expand the data’s ability to discern equivalent lithologies outside the
region of interest with high accuracy and minimum financial and computational costs.

As a result of the region’s substantial mineral potential, such automated mapping tech-
niques would also help in the development of future exploration plans and technologies.
Lineament mapping serves as a crucial roadmap for the exploration of mineral deposits
and geological mapping [116,117]. Mineral exploration can benefit from the use of linea-
ment markers like faults and fractures. Refinements in computer-aided spatial feature
analysis should result in less human intervention in the process of geological mapping.
Future research could use a sensor (improved hyperspectral) with high ground resolution
(at least five meters) to map the areas more precisely. Drones can also have these sensors
mounted in addition to satellites. Furthermore, the application of AI-based spatial estima-
tion models [118] and surface maps to subsurface data (geophysical or geochemical) may
be used to generate 3D geological models of potential mineralized zones. The strategies
will allow the mining and mineral exploration industries to reach Industry 4.0 [119] by
using blockchain [120] and IoT [121–123] technologies for safe data exchange.
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 Figure 17. (a) Study area geological map with extracted lineaments in white color. (b) The lithological
map generated from SVM classified using ASTER, with extracted lineaments as orange color lines.

The depth is one of the primary limitations of the remote sensing data as the various
bands of electromagnetic radiation do not penetrate the surface of Earth. The remote
sensing data are dependent only on the surficial features that reflect the electromagnetic
energy of the sunlight. According to [124], the depth penetration of geological remote
sensing is limited to a few centimeters in the TIR and only reaches the highest micrometers
in the NIR (5–10 µm).

6. Conclusions

Remote sensing techniques and two popular supervised machine learning approaches
(SVM and MLC) were utilized on multispectral data of ASTER and Landsat 8 to compare
their efficiency in differentiating lithological units in the Khyber region. The remote sensing
methods used in the study included principal component analysis (PCA), minimum noise
fraction (MNF), band ratios, and color composites. Training samples for MLA were gathered
on the basis of previously published geological maps and field data. The PCA and false
color composites of ASTER were better than those of OLI for lithological discrimination
of the study area. The lineament analysis of the research region showed that major and
minor structures could be easily found in wide expanses of land and that this is, thus, a
valuable technique for quickly obtaining an overview of the structural features of the area.
The results show that the geological formations are mapped with >70% OA with the SVM
approach using ASTER. The calculated accuracy assessment of SVM and MLC using a
confusion matrix revealed a higher accuracy of 74.8419% and 72.1217% for ASTER and
an accuracy of 58.4833% and 60.0257% for OLI, respectively. Overall, the results indicate
that ASTER imagery has better potential for lithological discrimination in the study area
and that the optimal approach in this case is SVM. A more detailed map of nine geological
formations discriminating various lithological units was produced using ASTER and OLI
satellite RS data. The study demonstrated that lithological mapping in any dry to semi-arid
region could effectively be performed at a lower computing cost using such techniques on
multispectral data.
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From the comparisons and discussion, the following conclusions are reached:

(1) ASTER has better results than OLI for using remote sensing and MLC and SVM
machine learning techniques for the lithological discrimination of the Khyber range.

(2) In semi-arid and dry regions like the Khyber range, SVM outperforms MLC in litho-
logical classification.
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