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Abstract. Lithological mapping is a crucial component of geological analysis, providing valuable insights
into a region's mineralization potential and aiding mineral prospecting efforts. Manual execution of this task,
especially in remote and resource-intensive areas, poses significant challenges. The integration of artificial
intelligence (AI) techniques with remotely sensed data offers a swift, cost-effective, and precise approach to
lithological mapping. In this study, machine learning algorithms (SVM, RF, and ANN) and deep learning
techniques (CNN) were employed to map lithological units in an area, half of which lacked any published
geological map. The study area is situated in the Bab Boudir rural municipality within the Taza province,
geologically located in the Meso-Cenozoic cover of the Tazzeka inlier and characterized by moderate
vegetation. Furthermore, the study evaluated the effectiveness of two types of remote sensing data:
multispectral data from Sentinel-2 and hyperspectral data from Hyperion. The results revealed that the SVM
and CNN methods achieved the highest overall accuracy and kappa coefficient, followed by the RF classifier,
while the ANN approach yielded lower accuracies.

This research incorporates Hyperion and Sentinel-2
data, enriching the analysis and providing a more
. nuanced understanding of the geological landscape.
1. Introduction By combining these comprehensive datasets with
advanced Al algorithms, this study not only addresses
the challenges of traditional lithological mapping but
also explores new possibilities for future
methodologies in geological cartography. Importantly,
the outcomes of this research hold significant
implications for mineral resource exploration and land
management, demonstrated in literature [1-6] [10-11].
As we delve into the intersection of Al and geological
exploration, our work not only addresses current
challenges but also paves the way for innovative
approaches that can significantly impact the field.

Lithological mapping is a cornerstone of geological
cartography, crucial for identifying rock types and
geological formations [1- 3], particularly in the context
of mineral exploration [4-5]. However, this task can be
exceedingly intricate, especially in remote regions
with challenging access and rugged terrain.

An innovative solution to these challenges emerges
from the integration of artificial intelligence (AI) with
remote sensing data [1-7]. This study focuses on the
Bab Boudir region in Morocco, characterized by
rugged terrain, complex topography, and stringent
access restrictions, to explore how Al, utilizing
machine learning techniques such as Support Vector . . .
Machine (SVM), Random Forest (RF), Artificial The study area is the region of Bab Boudir, a rural

2. Study area

Neural Networks (ANN), and deep learning through commune in the Taza province of Morocco (Fig.1),
Convolutional Neural Networks (CNN), can enhance nestled within the Middle Atlas Mountains (northern
’ Morocco).

lithological mapping [7-9] .
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Fig. 1. Geographical Location of the Study Area.

conglomerates,  sandstones, clays,  dolomitic

This area exhibits diverse geological formations, limestones, marls, and basaltic lavas [11-12].

including mineralized veins, stockworks in the
Paleozoic basement, and stratiform deposits in the
Liassic cover [12]. It's within the Tazekka Massif and
has a rich sedimentary history dating back to the
Mesozoic and Cenozoic eras [13]. This history
includes crustal shortening, sedimentary deposits like

The aim of this study is to utilize optical remote
sensing data and artificial intelligence methods to
enhance the lithology mapping of the eastern region
not mapped of the study area (Fig.2).
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The existing geological map (Fig.2) reveals Triassic
formations, consisting of pelites and red clays
(Carnian-Rhaetian), basaltic intrusions (Rhaetian-
Hettangian), and clayey layers. The Jurassic consists
of carbonate formations wuth alternating dolomitic
limestones and marls, clayey limestones (Sinemurian),
flinty limestones (Carixian), and gray limestones and
marls (Domerian). The Quaternary is represented by
the presence of gravel blocks, clays and sands.

3. Methodology

The preparation of the foundational dataset holds
pivotal importance in any lithological classification
process [2] [16-17]. In this study, we placed particular
emphasis on crafting this essential dataset by
harnessing both the spectral and textural
characteristics of the data derived from Hyperion and
Sentinel-2 imagery.

This meticulous dataset preparation ensures that our
classification model is well-equipped to tackle the
complexities of lithological classification in this
challenging  geological context, ultimately
contributing to more precise and insightful geological

mapping.

The methodology of this work involves a series of
steps aimed at classifying the land cover in the input
Hyperion image into desired classes. The input data
undergoes seven processing steps to achieve the
desired classification (Fig.3-a):

e Utilizing the ENVI software to perform
atmospheric correction through the FLAASH
method.

e Applying the Minimum Noise Fraction
(MNF) transformation to the data to reduce
its dimensionality.

e Implementing the Pixel Purity Index (PPI)
method to identify and locate pure pixels
within the image.

e Employing N-dimensional visualization
techniques to simultaneously analyze all
spectral information contained in the
complete hyperspectral scene.

e  Extracting spectra from pixels identified as
pure after applying PPIL.

e Applying various classification methods to
the extracted spectra and comparing the
results of lithological mapping with a
reference geological map.

The Sentinel-2A data offer higher spectral and spatial
resolution in the VNIR to SWIR range compared to
common multispectral data such as OLI and ASTER.
To identify the optimal classifier for evaluating
Sentinel-2A data classification in our study area, four
typical machine learning techniques ANN, RF, SVM
and CNN were employed for lithological mapping.

The flowchart of the methodology used in this study is
presented in figure 3-b, and the processes are
described below: (i) Sentinel Application Platform
SNAP 5.0 for atmospheric correction and resizing, (ii)
ILWIS OPEN 3.8.5.0 for OIF -calculation, (iii)
"Environment for Visualizing Images" (ENVI) 5.3,
QGIS 3.22 for all other pre-processing and processing
steps, and (iv) (ArcGIS) 10.8 for layout design.
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Fig.3. Diagram summarizing the processing steps used for
the classification of (a) Hyperion image (b) Sentinel 2 image.

4. Results and discussion

4.1.Hyperion imagery classification
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In this study, we conducted an experimental
comparison of classification methods (ANN, SVM,
RF, and CNN) to assess their performance in
lithological classification. This resulted in a
lithological-compositional map identifying six distinct
classes: Limestones (L), Decalcification Clays (DC),
Basalts (Ba), Marls (M), Siltstones and Clay (SC), and
alternations of Limestones and Marls (ALM) (Fig.5).
The map was created through visual interpretation of
a color ternary image derived from the MNF algorithm
(Fig.4), validated through field analyses and statistical
approaches, enhancing lithological visualization.

Table 1. Summary of accuracy results for
different classifiers.

. e Mean Kappa Average Overall
LTS Index Accuracy %
SVM 0.6881 73.7219
Classification ANN 0.7769 87.2449
approaches RF 0,8946 93.6877
CNN 0.8916 91.6295
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Fig.4. MNF transformation (bands 2, 3, 4).

Lithological mapping had favorable outcomes for all
methods. However, RF outperforms SVM, ANN, and
CNN, with an average kappa difference of 20%, 11%,
and 2%, respectively, leading to a more consistent
lithological mapping (Table 1).

The RF method excels as the top classifier for
Hyperion data in multi-class inference due to its ease
of training, stability, computational efficiency, and
precision, especially with spatially dispersed training
data [16]. Its resistance to noise and interference
makes it a suitable choice for lithological classification
in remote sensing.
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Fig.5. Lithological maps of the study area by: (a) Support
Vector Machine (SVM); (b) Artificial Neural Network
(ANN); (¢) Random Forest (RF); (d) Convolutional Neural
Networks (CNN).

The classification performance of different
lithography categories exhibits subtle variations
depending on the methods employed, as depicted in
Figure 6. For instance, the RF method demonstrates
higher overall accuracy and a higher Kappa index;
however, for certain lithology categories such as ALM
and M, its rates of positioning error (EP) and user error
(EU) are found to be lower than those of the other two
methods. These error rates may be attributed to various
factors, including model parameters, the presence of
overfitting, or inherent uncertainty in the classification
task.
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Fig.7. Lithological classification of the S2-A dataset using
machine learning methods. (a) SVM, (b) RF, (c) ANN, (d)
CNN.

However, the use of ANN introduced more noise into
the lithological data compared to other methods, as
illustrated in Figure 7-c. ANN struggled to correctly
classify lithological wunits of limestone-marls
alternation and basalts, often misclassifying them.
Furthermore, the RF method showed significant errors
in classifying alluvial deposits and marlstones as
limestone, as depicted in Figure 7.b.

In comparison, SVM and CNN methods yielded more
precise results. However, due to similarities in
compositions and adjacent positions of limestone and
marlstones, it remained challenging to completely
distinguish between them wusing these machine
learning methods.

A precision evaluation was conducted for the four
mentioned methods using random sampling with
approximately 200 samples distributed across the
study area. The digitized geological map served as the
reference. Results were analyzed in terms of average
overall accuracy (OG) and mean kappa indices (K) for
SVM, ANN, RF, and CNN approaches. Statistical
comparisons revealed that SVM outperformed CNN,
RF, and ANN, with average kappa differences of 1%,
18%, and 27% respectively (Table 2), yielding a more
consistent lithological map. This superiority can be
attributed to SVM's effective integration of spatial and
spectral information in the classification process,
along with combining values from adjacent pixels,
thus reducing intra-class variability observed in pixel-
wise approaches.

Table 2. Summary of accuracy results for
different classifiers.

s e oes | A Ovan
SVM 0,8996 91,8856
Classification ANN 0,5596 65,088
approaches RF 0,7146 73.6877
CNN 0.9028 90.1842

Although both SVM and CNN methods enhance the
accuracy of lithological mapping and outperform the
results produced by the other two classifiers in terms
of overall accuracy (OG) and Kappa index (K), the
classification performance for different lithological
classes varies slightly among the methods, as depicted
in Figure 8. For instance, despite higher OG and
Kappa values for SVM and CNN, their producer's
accuracy (PA) and user's accuracy (UA) are higher
than the other two approaches for certain lithological
classes (such as Ba, PC, and ALM). Such variation
might indicate that a single scale value is insufficient
to segment all lithological units [17].
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Fig 8. Mean accuracy and standard deviation of individual
lithological classes: (a) PA and (b) UA.

Generally, when each type of classifier is considered
individually, the overall superiority of SVM and CNN
over ANN and RF methods is mainly attributed to
improved discrimination of lithological units with low
intra-class variability (e.g., All, M, DC, and SC).
These rock units are homogeneous and particularly
distinctive in terms of topography. The observed
increases in PA and UA for SVM and CNN compared
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to RF and ANN approaches can be explained by the
smoothing effect, leading to a reduction in intra-class
heterogeneity and eliminating shadow effects (Fig.8).

The visual comparison also highlighted the critical
importance of the segmentation step, demonstrating
that classifying homogeneous objects significantly
reduces the heterogeneity caused by shadow and salt-
and-pepper artifacts. This leads to a higher

classification accuracy. It's worth noting that despite
the diverse results obtained from the four algorithms,
each method has its own advantages and drawbacks.
Nevertheless, all these approaches are vital to ensuring
the successful creation of the geological map for the
missing area (Fig.9).
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Fig.9. Geological map of the study area derived from Sentinel-2 image classification using the SVM method.

5. Conclusion

In this study, we embarked on the challenging task of
lithological mapping in the Bab Boudir region of
Morocco, a remote and geologically complex area.
Leveraging the power of artificial intelligence and
remote sensing data, we sought to overcome the
inherent difficulties associated with traditional
mapping methods.

Our findings unequivocally demonstrate the potential
of machine learning techniques, including Support
Vector Machine SVM, RF, ANN and deep learning
with CNN, in enhancing lithological mapping
precision. Among these, the RF, SVM and CNN
methods emerged as the most proficient classifier,
consistently outperforming ANN.

Regarding deep learning, U-Net shows promise,
especially for data covering extensive areas. However,
in specific cases, SVM and RF outperform due to their
ability to extract spatial features, enhancing
lithological classification.

The produced lithological map encompassing seven
distinct classes, is a testament to the effectiveness of
our approach. This map not only enhances our
understanding of the geological formations in the
region but also holds great promise for mineral
exploration and land management efforts.

By combining spectral and textural data and
meticulously preparing our dataset, we ensured that
our classification model was well-equipped to handle
the intricacies of lithological classification in this
challenging geological context. This, in turn,
contributes to more accurate and insightful geological
mapping, also the choice of classification method
should consider data specifics and the mapped area to
optimize result accuracy, be it through traditional
machine learning methods or deep learning
techniques.
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