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Machine Learning Algorithms (MLAs) have recently introduced considerable lithologic mapping. Thus, this study
scrutinizes the efficacy of Artificial Neural Network (ANN), Maximum Likelihood Classifier (MLC) and Support
Vector Machine (SVM) over hybrid datasets including optical (Sentinel 2, ASTER, Landsat OLI and Earth-observing
1 Advanced Land Imager (ALI)), radar (Sentinel 1 and ALOS PALSAR), DEMs and their derivatives (Slope, and
Aspect). The study aims to (1) monitor the effect of data dimensionality in enhancing categorization accuracy.

Sentinel 2
Sentinel 1 (2) disclose the most efficient MLA and most powerful dataset in labeling rock units accurately. (3) highlight the
ASTER impact of embedding topographical and radar data in lithologic classification. (4) outline the best relation between

the number of training pixels and number of utilized bands, in delivering reliable allocation. To achieve these aims,
we selected training and testing pixels meticulously, in concordance with a recently published geological map of the
study area. We adopted a stacked vector approach for handling the implemented multi-sensor data. Results show that
diversifying information sources raised the classification accuracy by approximately 10% for each classifier. SVM
and MLC are much better than ANN. Slope is better than aspect and both are less qualified when compared to DEM.
Sentinel 1 (C-band) and ALOS PALSAR (L-band) effects are not so different whatever the implemented polarization.
Landsat OLI is less qualified in lithologic classification when compared to Sentinel 2, ASTER and ALI The utilized
training pixels should be at least 30N for (N) channels submitted to the classifiers.

1. Introduction

Accurate geological mapping is the key for economic minerals
localization and geo-hazards mitigations. Enormous improvements in
lithologic mapping have been introduced by the availability of a wide
range of remote sensing datasets (Grebby et al., 2011). The digital
format of the latter exceedingly prompted Machine Learning Algorithms
to be applied in land cover and geologic mapping; using multispectral
and/or hyperspectral data (Foody and Mathur, 2004; Ham et al., 2005;
Lee et al., 2012; Liesenberg and Gloaguen, 2012; Pal and Mather, 2005).
Efficient lithologic classification was a matter of interest for several re-
searchers over the last decade. The classifier performance may vary
depending on the implemented datasets, thus a wide range of datasets
are implemented for mapping rock units using several classifiers. Most of
the results highlighted SVM (Bachri et al., 2019; Bentahar and Raji,
2021; Kumar et al., 2021; Manap and San, 2018), MLC (Fatima et al.,
2013; Ge et al., 2018; Hadigheh and Ranjbar, 2013; Jellouli et al., 2016;
Mehr et al., 2013), and ANN (Grebby et al., 2011; He et al., 2015). Thus,

we decided to intensively investigate the performance of these classifiers
over a wide range of the utilized data sets. On the other hand and for
datasets, previous studies highly recommend using ASTER in lithologic
mapping (Jellouli et al., 2016; Othman and Gloaguen, 2014, 2017; Yu
et al., 2012), others (Bentahar and Raji, 2021; Fatima et al., 2013; He
et al., 2015) utilized Landsat data effectively. With the advent of the
recently launched Sentinel 2 (S2) data, several studies highlighted the
advantages of S2 in categorization rock units due to its higher spectral
resolutions (Bentahar and Raji, 2021; Ge et al., 2018). However (Pour
and Hashim, 2014), stated that ALI is an efficient source for lithological
and mineralogical mapping due to its excellent VNIR spectral separa-
bility. Thus and for the first time, this study implied the four widely used
sensors in lithologic mapping.

With the proven role of geomorphological and topographical data in
enhancing lithological allocation (Bachri et al., 2019; Grebby et al.,
2011; Othman and Gloaguen, 2017; Yu et al., 2012), the current study
embedded not only DEM but also its derivatives (slope and aspect maps)
to inspect their role in identifying rock units. Recently (Kumar et al.,
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2021), utilized sentinel 1 data in geological mapping, thus Sentinel 1
radar data is also considered in this study to enhance the mapping
process. Authors of (Kumar et al., 2021) highly recommend the inte-
gration of several sensors for superb geological mapping especially with
MLAs. Consequently, and for the first time, This study integrated
Sentinel 2, ASTER, Landsat OLI, and Earth-observing 1 Advanced Land
Imager, Sentinel 1, ALOS PALSAR-1, ALOS PALSAR DEM, Slope, and
Aspect to map 9 lithological units. Moreover, and due to a large number
of the included bands the study closely monitors the effect of data
dimensionality on the classifier performance and overall accuracy.
Furthermore, a detailed examination of the effect of topographic and
radar data when added to each optical sensor is inspected to highlight
the reliable data combinations for delivering superior outputs, through
performing more than 100 classification process. The investigated area
was selected for this work as it is famous for gold mining and have
various rock units, as well as, it has a recently published geological map
which is useful for comparing the results and verification.

2. Materials and methods

2.1. Study area description

Um Salatit -Mueilha is located at the extreme southern part of the
Central Eastern Desert (CED), Egypt as shown in Fig. 1. It extends be-
tween latitudes 24° 40” to 25° 20” N and longitudes 33° 45" to 34° 05" E,
and covered by an intricate complex of Precambrian rugged igneous and
metamorphic rocks, in addition to, Phanerozoic sedimentary Nubian
sandstone. Authors of (Zoheir et al., 2019a) stated that the area is
covered mainly by a widely distributed stretch of Neoproterozoic
ophiolitic mélange constituted mainly of allocthonous ophiolitic frag-
ments embedded in a sheared matrix, as well as, other different map-
pable units (Fig. 1). The vastly disseminated unit is the ophiolitic
mélange. The other mappable units in the area include metavolcanics,
metagabbro-diorites and granitic rocks.

2.2. Data characteristics and preprocessing

The widely used Landsat-8 (L8) was launched on February 11, 2013,
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Fig. 1. Location of the study area (small black rectangle over the Egyptian
Eastern Desert); and geological map of the study area showing its lithologic
units, after (Zoheir et al., 2019a).
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toting two sensors namely OLI (Operational Land Imager) and TIRS
(Thermal Infrared Sensor) to acquire spectral data in the visible and
Near-Infrared (VNIR), Short-Wave Infrared (SWIR) and Thermal
Infrared (TIR) regions. OLI data are recorded in nine spectral bands,
while TIRS data give information only in two bands (Roy et al., 2014), as
shown in Table 1. Advanced Spaceborne Thermal Emission and
Reflection Radiometer (ASTER) are commonly used in lithologic
discrimination (Pour and Hashim, 2014), and detect radiance in four-
teen bands covering spectral areas from VNIR, SWIR, and TIR regions as
shown in Table 1. Advanced Land Imager (ALI) sensor of Earth
Observing-1 satellite, recorded data in ten spectral bands (Czapla-Myers
et al., 2016), as shown in Table 1. ALI operates in a pushbroom fashion,
with a spatial resolution of 30 m for the multispectral bands, and 10 m
for the panchromatic band. The standard scene width is 37 km, while the
standard scene length is 42 km. Sentinel 2 (S2) was developed by the
European Space Agency (ESA) and launched (S2A) on June 23, 2015, to
provide spectral data in 13 bands in various spectral regions and vari-
able spatial resolutions (10, 20, or 60m) (Drusch et al., 2012), as shown
in Table 1.

Radar data includes Sentinel-1, the premier satellite of the Coper-
nicus Programme satellite constellation conducted by ESA. The first
satellite, Sentinel-1A, was launched on April 3, 2014, and Sentinel-1B
was launched on April 25, 2016. They carry a C-band (A = 5.6 cm, f
= 5.4 GHz) synthetic-aperture radar (SAR) instrument, which provides a
collection of data in all weather conditions, day or night. Sentinel-1A of
Interferometric Wide (IW) mode (VH, VV polarizations), Ground Range
Detected High Resolution (GRDH) is obtained from ESA to fulfill the aim
of this study. Phased Array L-type band Synthetic Aperture Radar
(PALSAR) device was on the board of Advanced Land Observing Satellite
(ALOS), which was launched on January 24, 2005. PALSAR sensor is an
active microwave sensor. Fine Beam Double polarization (HH, HV),
Geocoded product, 1.5 processing level is utilized in this study. L-band
(1.27 GHz) synthetic aperture radar aids at achieving high-resolution
DEM products. Thus, ALOS-PALSAR FBS (Fine Beam Single polariza-
tion mode, HH) RT1 (Radiometric Terrain Corrected with Pixel spacing
is 12.5 m) DEM is used to form topographical combinations with optical
and radar data, as well as, derivation for slope and aspect of the study
area.

All of these data are attained through the U.S. Geological Survey (htt
ps://earthexplorer.usgs.gov/) and the European Space Agency (ESA)
with the following IDs: LC81740432019298LGNO0 (Landsat 8),
AST_ L1A_00303062007083043 (ASTER), S2A_MSIL1C_2020050
5T081611_N0209_R121 T36RWN_20200505T095132 (Sentinel 2),
EO1A1740422003070110PZ (EO1 ALI), S1A_IW_GRDH_1SDV_2020
0926T154707_20200926T154736_034532_0404DC_2A0B (Sentinel 1),
ALOS-FBD_GEC_1P-ORBIT_00022767_D20100503-T201857038 (ALO
S-PALSAR 1), and AP_10689_FBS_F0480_RT1 (ALOS-PALSAR DEM). The
cloud-free multispectral data of Landsat-8 level 1T, ASTER, and EO-1
ALI are introduced to Fast Line-of-Sight Atmospheric Analysis of Spec-
tral Hypercubes (FLAASH) atmospheric correction, and data resizing to
the borders of the study area. All of these operations were carried out at
the Environment for Visualizing Images (ENVI) software version 5.6.
Sentinel-2 Dataset was reprojected to UTM WGS 84 zone 36N then,
radiometrically-corrected using sen2cor processor in Sentinel Applica-
tion Platform (SNAP). Sentinel-1 data was preprocessed by applying the
precise orbit of acquisition, removing thermal and image border noise,
radiometric calibration, and range doppler and terrain correction using
Sentinel-1 toolbox. ALOS PALSAR1 data are also subjected to repro-
jection, radiometric calibration and speckle reduction using SNAP.

2.3. Training and testing samples

Nine main information classes cover the study area. Thus, repre-
sentative, and well-distributed nine classes (for training and testing
samples), are delineated from Landsat 8 and ASTER data, based on the
geological map and visual interpretation of the images. The full
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Table 1
Characteristics of the utilized multispectral datasets.
Landsat 8 ASTER Sentinel 2 EO1 ALI
B.n C.W. (pm) S.R (m) B.n C.W. (pm) S.R (m) B.n C.W. (pm) S.R (m) B.n C.W. (pm) S.R (m)
1 0.442 30 1 0.560 15 1 0.443 60 Pan. 0.585 10
2 0.483 30 2 0.660 15 2 0.490 10 1 0.443 30
3 0.561 30 3N 0.820 15 3 0.560 10 2 0.482 30
4 0.654 30 3B 0.820 15 4 0.665 10 3 0.565 30
5 0.864 30 4 1.650 30 5 0.704 20 4 0.660 30
6 1.609 30 5 2.165 30 6 0.740 20 5 0.790 30
7 2.203 30 6 2.205 30 7 0.782 20 6 0.867 30
8 0.598 15 7 2.260 30 8 0.842 10 7 1.250 30
9 1.373 30 8 2.330 30 8a 0.865 20 8 1.650 30
10 10.90 100 9 2.395 30 9 0.945 60 9 2.215 30
11 12.00 100 10 1.375 60
11 1.610 20
12 2.190 20

Band number (B.n), Central wavelength (C.W), Spatial Resolution (S.R) and Pan for panchromatic.

description of training and ground truth pixels is given in Table 2, and
their spectral signatures from Landsat OLI are shown in Fig. 2. Prototype
pixels are used to train the classifiers to produce thematic maps for the
classes, and ground truth samples are employed to assess the accuracy of
these outputs.

2.4. Machine learning classifiers

2.4.1. Artificial Neural Network (ANN)

A frequently used non-parametric supervised classifier. Mimicking
the human brain, ANN is chiefly formed from neurons (processing
nodes) embedded into input, middle (maybe more than one), and output
layers (Haykin, 2010). Binding and connecting these nodes during the
process forms a complicated network depending on the number of the
utilized layers and classes. Through this network, a decision surface
could be managed, and various classes could be separated. One of the
main ANN strengths is the ability to create non-linear decision surfaces
for inherently not separable data with a simple linear decision surface
(Richards and Jia, 1999). For this study, we used ENVI 5.6 software to
perform multi-layer feed-forward ANN by the logistic activation func-
tion. The best results are revealed by assigning the training root mean
square (RMS) exit criterion as 0.1, training threshold contribution value
as 0.9, training rate as 0.2, and training momentum as 0.9.

2.4.2. Maximum Likelihood Classifier (MLC)

Statistical parametric supervised classifier, where the classes are
separated depending on probability distributions. Each class signature is
specified by its mean vector and covariance matrix. Unclassified pixel
belongs to a certain class only when it possesses a higher probability for
that class (Chen et al., 2007). Consequently and based on discriminant
functions, decision surfaces could be handled and separating different

Table 2
Areas, training and testing pixels, and abbreviations of the Lithologic classes.
Lithologic Unit Area Training Testing
(Km?) Samples Samples
1 Wadi Deposits (Wdp) 1.39 3546 879
2 Nubian Sandstone (Nss) 0.61 1599 338
3  Post-orogenic granite 0.45 1190 292
(Pog)
4  Syn-orogenic granite (Sog) 0.86 2215 599
5  Metagabbro-Diorite (MgD)  0.62 1605 367
6 Metavolcanics (Mvs) 0.79 2080 286
7  Ophiolitic Melange (Ome) 0.94 2404 438
8  Ophiolitic Metagabbro 0.54 1410 188
(Omg)
9  Ophiolitic Serpentinite 0.96 2518 389
(Osp)
Total 7.16 18567 3776

classes, according to the following equations (Richards and Jia, 1999),

x€w;, if p(wi\x)>p(mj|x) for all j#1I, (@D

Where x represents a pixel vector (column of values), wi spectral class.
Bayes’ theorem control the relation between the coveted p(wi|x) and the
obtainable (from training data) p(x|wi) probabilities,

p(0ilx) = p(xloi) p@i)/p(x) @

x €y, if p(x|o)p(e;)>p(xjo)p(w;) for all j#1 3)

Where p(wi) is the probability that class wi occurs in the image, and is
called prior probability. Then last equation (3) is transformed to deci-
sion rule (utilized in MLC);

x€w;, if g(x) > g(x) for all j#I “4)

Where gi(x) denotes discriminant functions. For the current study,
lithologic generalization using MLC is carried out using ENVI 5.6
software.

2.4.3. Support vector machine (SVM)

SVM is a non-parametric, supervised classifier that proved its
leverage in remote sensing classifications since introduced by (Bayliss
et al., 1998). The unique character of SVM is that pixels in the proximity
of the separating hyperplane, accurately detect, where it should pass.
Thus, these pixels are called support vectors, as they delicately locate the
optimal separator hyperplane, via maximizing the distance between
support pixels at class margins, then constructing two marginal hyper-
planes. Generally, for (N) number of bands, (w;) set of coefficients,
delineate the linear surface as

Wix] + woxp + ... .. + wnan + wyi =0
or, Wy + wny1 =0 )

Where x is the co-ordinate vector and w is called the weight vector. The
transpose(t) operation for transforming column vector to row vector.
After training and specification for decision surface, the decision rule is

x € class 1, if W'y + wny > 0 (6)
X € class 2, if W'y + wny1 <0 )

Kernel function (such as linear, polynomial, radial basis function and
sigmoid (Wang et al., 2017) is required for SVM. In this study, radial
basis function kernel is applied due to its considered interpolation ca-
pabilities (Zhu et al., 2011), the penalty parameter was set to 100, and
the gamma parameter in the kernel function was the inverse of the band
number (Othman and Gloaguen, 2014).
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Fig. 2. Average of surface reflectance from training pixels selected from Landsat OLI data (7 bands) for nine information classes.

2.5. Stacked vector method

The utilized data are hybrid and have various spectral and spatial
characteristics. Consequently, all the datasets are reprojected to the
same coordinate system (WGS, 1984 Zone 36), then, cubic convolution
resampling to a pixel size 20 m, was performed, to ensure the same size
and location for each pixel in the dimensional data. Combinations are
established as extended pixel vectors by aggregating spectral (i.e. optical
sensors) and nonspectral (i.e. DEMs and Radar) datasets, according to
the following form

X = [x, x4 weex]’ (8

Where x; ... ... xg are data vectors included in S number of individual
layers (Richards and Jia, 1999). The superscript “t” indicates a vector
transpose operation. X denotes the stacked vector introduced to the
three classifiers. In this study, 37 stacked vectors are originated and
tested for the classification process as described in Table 3.

3. Results

We find several results from fulfilling 111 classification processes (37
processes for each classifier). For all the outputs, we assessed the allo-
cation accuracy via the widely used error matrix and kappa coefficient.
Overall Accuracies (OAs) and kappa coefficient (K) for all the outputs
are shown in Table 3. The latter clearly shows the notability of SVM and
MLC over ANN, and obviously, confirm (just by comparing the numbers
at the top and the bottom of the table) the effect of data dimensionality
(by increasing the number of participated channels) in boosting classi-
fication accuracy. What is better displayed in Fig. 3a, where the OAs are
gradually increased from around 75% to up to 91% (i.e. growing by
16%) by augmentation of the data input to the classifier. Fig. 3a, also
demonstrated SVM superiority over MLC in lithologic classification,
approximately at all the processes. Moreover, the increasing rate be-
tween (10-20) bands is higher than that between bands (20-30). An OA
peak value is obtained when the participated bands are 31, beyond this
number, no considered OA increase is evident whatever the participated
number of bands. Up and down curve swinging for the increasing trend
is attributed to the various characteristics of datasets introduced to the

classifier. Moreover, data spectral characteristics can variously affect the
generalization OAs, even though at the same dimensionality, as shown
in Fig. 3b.

Among the utilized multispectral datasets (S2, L8, AST, and ALI), the
highest labeling efficiency is recorded for ALI, the lowest for L8. ASTER
and S2 give reasonable results. Combining two optical sensors results in
variable accuracies depending on the spectral characteristics of the
combined datasets, the number of bands, and the utilized classifier. SVM
highest OA was 87.57% for AST + ALI, MLC gives OA of S2+ALI as
86.65%, and ANN best result is specified to L8+ALI by 79.34%. Jointing
three different optical datasets takes the categorization OAs a little bit
higher (89.67% by SVM and 89.35% by MLC) When the classifiers are
fed by ALI + S2+ASTER data. Stacking the four optical datasets raised
the accuracy of the resultant thematic maps to 89.40% and 90.01%
when using MLC and SVM, respectively.

Embedding topographical data (especially DEM), to any collection of
multispectral data is prodigious. DEM introduces a permanent but var-
iable OA raise, depending on the other included data vectors and di-
mensions, as shown in Fig. 3c. For DEM derivatives, the slope is
preferable than aspect in boosting the allocation output, but DEM is
more advisable when compared to both. Immersing radar (S1 and ALOS
PALSAR1) data in multispectral and topographical data can faintly
improve the lithologic identification as shown in Fig. 3d.

However, tangible OA excess is achieved by incorporating all the
datasets for the classification (Fig. 3d). It is worth mentioning to note
that, the highest two OAs are delivered by ALI + S24+AST + DEM +
S1+PALSAR1+slope (43 band, 91.41% by SVM) and ALI + S2+AST +
DEM (31 band, 91.23% by SVM). This in turn, boosts the second com-
bination to be applied in further classifications (only 0.18% difference in
OAs despite the presence of 13 excessive bands in the first combination).
By investigation of the confusion matrix of this combination, reasonable
accuracies are observed. Average of producer and user accuracies for
each class of ALI 4+ S24+AST + DEM combination are shown in Fig. 3e.
Consequently, the number of utilized training pixels and (31) channels
are supposed to be well related in the current study. The lowest number
of training pixels, employed in this study was 1190 for Pog (i.e. 38 N).
Thus, we believed that classification OA reaches its peak for a (N)
number of bands (depending on the data, classifiers, and classes) by
implementing number training pixels ranging from 30 to 40N, and no
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Table 3

Overall accuracies (OAs) and Kappa coefficients (K) for the utilized datasets and classifiers.
Data N ANN MLC SVM

OA K OA K OA K

L8 7 71.05 0.664 74.81 0.710 76.43 0.726
AST 9 73.11 0.688 77.07 0.735 80.27 0.771
ALI 9 77.15 0.735 81.36 0.784 83.87 0.812
S2 12 74.29 0.701 78.71 0.753 79.42 0.761
Optical sensor + DEM
L8+DEM 8 18.94 0.0565 81.78 0.7896 80.93 0.7791
AST + DEM 10 70.84 0.6614 82.47 0.797 86.84 0.8475
ALI + DEM 10 42.85 0.332 84.75 0.8238 86.89 0.8481
S2+DEM 13 82.07 0.7927 81.51 0.786 82.73 0.7998
2 Optical sensors together
S2+AST 21 78.681 0.7525 86.626 0.8451 86.89 0.8481
S2+18 19 76.85 0.7315 78.416 0.7509 80.985 0.7794
S2+ ALI 21 77.171 0.7345 86.652 0.8453 85.725 0.8344
AST + L8 16 73.384 0.6915 79.449 0.7633 84.666 0.8221
AST + ALI 18 74.973 0.71 84.401 0.8194 87.579 0.8559
L8+ ALI 16 79.343 0.7595 84.322 0.8187 85.301 0.8294
2 Optical sensors + DEM
S2+AST + DEM 22 82.256 0.7937 87.314 0.8531 88.268 0.8641
AST + ALI + DEM 19 73.119 0.6873 87.394 0.8543 89.91 0.8831
3 Optical sensors together
S2+AST + L8 28 77.092 0.7337 86.732 0.8465 87.791 0.858
AST + L8+ ALI 25 73.49 0.693 87.764 0.8585 88.135 0.8623
L8+S2+ ALI 28 78.125 0.7459 84.613 0.8213 86.99 0.849
ALI + S2+ AST 30 77.807 0.7422 89.3538 0.8766 89.671 0.8802
3 Optical sensors + DEM
S2+AST + L8+DEM 29 81.197 0.7818 88.082 0.8621 89.036 0.873
AST + L8+ ALI + DEM 26 71.18 0.666 88.638 0.8687 89.48 0.878
L8+S2+ ALI + DEM 29 81.56 0.785 86.573 0.8444 86.99 0.849
ALI + S2+AST + DEM 31 83.26 0.805 89.857 0.8826 91.23 0.898
Synergetic use of 4 Optical sensors
S2+AST + L8+ ALI (40pt) 37 79.21 0.758 89.40 0.877 90.01 0.884
4 Optical sensors + topographic data
S2+AST + L8+ ALI + DEM 38 82.28 0.7944 89.6 0.88 91.18 0.897
S2+AST + L8+ ALI + slope 38 78.76 0.75 89.72 0.880 90.78 0.893
S2+4AST + L8+ ALI + aspect 38 75.45 0.71 89.85 0.882 89.88 0.882
4 Optical sensors + radar data
S2+AST + L8+ ALI + S1VV 38 76.50 0.727 89.83 0.882 90.09 0.885
S2+AST + L8+ ALI + S1VH 38 76.24 0.72 89.93 0.883 90.30 0.887
S2+AST + L8+ ALI 4+ S1VH + S1VV 39 76.69 0.72 89.93 0.883 90.09 0.885
S2+AST + L8+ ALI + Palsar (HH + HV) 39 76.48 0.72 90.06 0.885 89.80 0.881
40pt + S1+ Palsar 41 77.48 0.73 90.22 0.886 90.14 0.885
4 Optical sensors + topographic and radar data
40pt + DEM+2 S1+2pal 42 82.83 0.80 90.59 0.891 90.51 0.890
40pt + DEM+2 S1+2pal + slope 43 75.92 0.72 90.28 0.887 91.41 0.90
40pt + DEM+2 S1+2pal + aspect 43 81.48 0.78 89.67 0.880 90.17 0.886
40pt + DEM+2 S1+2pal + slope + aspect 44 82.28 0.793 89.98 0.884 90.83 0.893

The four optical sensors together (4 Opt), Sentinel 1 (S1), ALOS Palsar data (pal) and Number of bands (N).

considered increase is obtained beyond that limit unless a new training
data could be included for the classification process. Consequently and
for achieving potent categorization, this study assumed that the number
of training pixels for a single region of interest (ROI) is preferable to be
at least 30 N, rather than the wide range (10N-100N per class) assumed
by the authors of (Davis et al., 1978). The resultant thematic maps of the
previously mentioned stacked data collections are shown in Fig. 4.

4. Discussion

Various rock units could be reasonably discriminated by multispec-
tral data depending on their spectral characteristics and the imaging
sensor properties as displayed in Table 4, which shows continuous in-
terest in lithologic mapping over the last 10 years. Table 4 compares
results of 15 previous studies with the current study that implemented
the frequently recommended MLAs over a wide range of integrated data
sets.

Using MLAs and adding topographical and/or radar data could
enhance the discrimination process, especially if the classes have closer
spectral characteristics and are poorly recognized by optical sensors

solely. This study revealed that discrimination ability is higher for DEM
and slope when compared to radar data. For instance, serpentinites,
post-orogenic granites and metavolcanics are easily identified by their
higher elevations (from DEM) and steeper slopes as shown in Fig. 5a, b.
On contrary, wadi deposits and syn-tectonic granites are distinguished,
by their relative lower elevations. In between, mélange assemblages and
the other rock units could be differentiated with the aid of their spectral
signatures (from multispectral data). Thus, topographical data can set
apart most of the lithologic classes. However, radar data can hardly
disclose differences between rock units (due to approximately their
similar interaction with active microwaves) and the obvious discrimi-
nation is evident only for fine wadi deposits and weathered syn-tectonic
granites from other hard rocks, as shown in Fig. 5c.

Classifying and mapping Precambrian rocks (particularly ophiolitic)
is a complicated process not only from remote sensing data (often mixed
spectral signatures are encountered) but also during fieldwork. For
example, several researchers introduced geological maps for parts of the
study area, based on field studies, and many variations are detected
between the produced maps (Aboelkhair et al., 2010; Helba et al., 2001;
Zoheir et al., 2019b; Zoheir and Weihed, 2014). Consequently,
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Fig. 3. (a) The effect of increasing data dimensionality on classification accuracy. Beyond 31 participated band, the Overall Accuracy (OA) excess is barely
perceptible; (b) various OA results for different datasets having the same dimensions, differences could reach to about 9% (between S2+L8 and AST + ALI + DEM);
(c) DEM influence in boosting the classification OA; (d) Topographical and radar data impact on categorization OA; (e) Average accuracies of the information classes,

classified by ANN, MLC, and SVM, from ALI + S2+AST + DEM.

homogenous monotone training pixels are carefully selected, aiming to
resolve these discrepancies. The resultant thematic maps are closely
analogous to the reference geological map as shown in Fig. 4. Mis-
classifications are sometimes introduced among ophiolitic mélange,
ophiolitic metagabbro, and metagabbro-diorite complex. This is attrib-
uted to closeness in their spectral signatures (as shown in Fig. 2),
cognate elevations, and similar appearance in radar data. Thus, these
ground cover classes are not exemplary resolved when compared to the
reference map. ALI + S2+AST + DEM combination (31 bands) gather
the advantages of ALI (six unique VNIR wavelength bands (Hubbard

et al., 2003; Hubbard and Crowley, 2005) and improved Signal-to-Noise
Ratio (Bryant et al., 2003; Lencioni et al., 1999; Lobell and Asner, 2003;
Mendenhall et al., 2000), ASTER (high spectral separability of most
functional groups and their minerals using eminent six SWIR bands
(Pour and Hashim, 2014)), S2 (higher spectral characteristics for both
VNIR and SWIR (Ge et al., 2018) and DEM (topographical characteristics
discernment), thus delivered precise results. Furthermore, this combi-
nation is strongly recommended for lithologic classifications due to two
main reasons: 1- adding any supporting bands can hardly enhance the
allocation accuracy, as seen for ALI + S2+AST + DEM +
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Fig. 4. Lithologic classification outputs utilizing ALI + S2+AST + DEM data
from (a) ANN; (b) MLC and; (c) SVM. (d) and (e) are the results of general-
ization over ALI + S2+AST + DEM + S1+4+PALSAR1+slope data utilizing MLC
and SVM, respectively. (f) Geological map for comparison.

S1+PALSAR1+slope combination (43 bands), only gives 0.18%
improvement by adding 11 supporting layers. 2- Removing any con-
stituent can significantly reduce the OA as shown in Table 3. Our result
is harmonized with (Ge et al., 2018), who preferred S24+-AST + DEM in
lithologic classification, however, we strongly recommend adding ALI to
the previous combination as it improves OAs by approximately 1%,
2.5%, and 3% for ANN, MLC, and SVM respectively. It should be
emphasized that this study applied transfer learning as it is still a
powerful method when multisource remote sensing images are imple-
mented in the allocation process (Dong et al., 2021), which is the case in
the current study. However, other studies efficiently combined deep and
transfer learning to get efficient results (Dong et al., 2021; Shi et al.,
2021; Xie et al., 2021; Yuan et al., 2020; Zhou et al., 2019).

MLC reasonable results are interpreted by representing training
signatures for each class by both covariance matrices and mean vectors.
However, sometimes and due to data dimensionality and heterogeneity,
incompatible statistics and quadratic cost increase are encountered
resulting in lower OAs compared to SVM results. For SVM, the class
boundaries are determined by the collection of weights (equations (5)—
(7)) that make the accurate labeling process is feasible, as well as a
penalty for misclassifications is introduced to achieve better results
compared to ANN. For data with N dimensions, 30-40N is assigned to be
the appropriate numbers of training pixels required for fulfilling
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Table 4
Comparison of the obtained results over the last decade with the current study.
Study Classifiers Data used Results

1 Grebby et al. ANN (Self- Airborne ANN results shows

(2011) Organizing multispectral and greater
Map), MLC LiDAR data enhancement

2 Yu et al. MLC, SVM ASTER, DEM SVM outputs is
(2012) better than MLC

results

3 Mehr et al. MLC Thematic Mapper MLC enhances the
(2013) 5 (TM5) separability of units

in the image by
7.3%

4 Fatima et al. MLC, PP, Landsat ETM+ MLC has the highest

(2013) MDM, MD, and ASTER correlation with the
SAM geological map

5 Hadigheh and MLC, SAM, ASTER, IRS MLC is the better
Ranjbar SID than SAM and SID
(2013)

6 A. A. Othman SVM ASTER SVM is efficient tool
and Gloaguen in mineral and
(2014) lithological

mapping

7 He et al. ANN, RF, Landsat-7 and ANN, RF, and SVM
(2015) SVM, MLC Landsat-8 outperformed MLC

8 Jellouli et al. MLC, SVM ASTER MLC results is better
(2016) than that of SVM

9 Othman and MLC, SVM, ASTER, DEM RF and SVM are
Gloaguen RF better than MLC
(2017)

10 Ge et al. ANN, k-NN, Sentinel-2A MLC method
(2018) MLC, RF, offered the highest

SVM overall accuracy

11 Manap and MLC, RF, ASTER MLC and RF have

San (2018) SVM approximately the
same accuracy, and
SVM is more
accurate than them.

12 Bachri et al. SVM Landsat 8, SVM performs
(2019) PALSAR DEM effective

classification with
85% accuracy

13  Karimzadeh SVM WorldView-3 SVM performs
and H. effective
Tangestani classification with
(2021) 88.36% accuracy

14  Bentahar and MLC, SVM Landsat OLI, the effectiveness of
Raji (2021) ASTER, and Sentinel 2A data

Sentinel 2A and SVM is better
than MLC

15  Kumar et al. SVM and RF ASTER, PALSAR, SVM is better than
(2021) Sentinel 1 RF

16 Current Study ANN, SVM, Sentinel 2, ASTER, SVM is better than

MLC Landsat OLI MLC which is in

Advanced Land
Imager, Sentinel 1,
ALOS PALSAR-1,

turn better than
ANN,
DEM enhances the

ALOS PALSAR classification,
DEM, Slope, S2, ASTER and ALI
Aspect are preferred when

compared to
Landsat OLI,
Integration of
multi-sensors
strongly boost the
outputs.

Artificial neural network (ANN), Maximum likelihood (MLC), support vector
machine (SVM), k-nearest neighbor (k-NN), maximum likelihood classification
(MLC), random forest classifier (RF), and parallelepiped (PP), minimum distance
to mean (MDM), mahalanobis distance (MD), Spectral Angle Mapper (SAM),
Spectral Information Divergence (SID), Indian Remote Sensing Satellite (IRS).

accurate classification (by attaining the exact location of the decision
surface). If the used training pixels are insufficient (less than 30N), the
location of the separating surface may be inadequate, resulting in
various misclassifications depending on the utilized algorithm. Also,
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excessively utilized training pixels (exceeding 40N) or exaggerated di-
mensions (for a constant number of training pixels) cannot significantly
improve the classification because the separator hyperplane is already
optimally located, and any support (either by training pixels or chan-
nels) cannot introduce significant revamping for the hyperplane place-
ment between classes. we believe that the possible way to boost the
allocation process is by increasing both training data and dimensions
together, keeping the same percentage (30-40N).

5. Conclusions

In this study, three classifiers (ANN, MLC, and SVM) are fed by 37
data inputs including (Sentinel 2, ASTER, Landsat OLI, Earth-observing
1 Advanced Land Imager, Sentinel 1, ALOS PALSAR 1, ALOS PALSAR
DEM, Slope, Aspect and their combinations) to enhance the lithologic
mapping of the study area. Also, the dimensionality power in improving
the classification output and the effect of these datasets are outlined. The
study concludes the followings results:

e SVM, MLC, and ANN are eligible in lithologic classification. Results
of SVM and MLC outperforms that of ANN.

e Data dimensionality increment can enhance the allocation process
only when there is sufficient training data, compared to the number
of utilized bands (N). The minimum number of the desired training
pixels for executing accurate classification is 30N.

e DEM remarkably improves the allocation compared to slope, aspect,
sentinel 1 and Alos palsar data.

e S2, ASTER and ALI are preferred when compared to Landsat OLI, in
lithologic categorization. Finally,

e For further lithologic classifications, ALI+ S2+AST+DEM combina-
tion is robustly recommended. Moreover, this study can help re-
searchers in detecting a suitable data input for their classification, as
this study introduces 111 classification results for commonly used
remote sensing datasets and their combinations.
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