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Abstract

This study investigates the use of deep convolutional neural networks (CNNs) for
lithological mapping in the structurally complex Athamanika (Tzoumerka) Mountains of
Epirus, Greece. A fused 34-band feature cube is constructed at 30 m spatial resolution

by integrating multi-sensor data, including Sentinel- 2/Landsat-8 reflectance, spectral
indices and mineralogical ratios, Sentinel-1 and ALOS PALSAR backscatter and
GLCM textures. In addition, a reduced 10-Principal Component (PC) representation

is derived for comparative evaluation. Patch-based versions of ImageNet-pretrained
VGG19 and ResNet50 architectures are adapted to multi-band input and fine-tuned

using a well mapped reference area, with Random Forest (RF) and Support Vector
Machine (SVM) classifiers employed as benchmarks. Within the training area, the best
performing CNN models, VGG19-34band and ResNet50-3 4 b a n d , achiieve OA &
97 %, o > 0.95700.nd0 ,mlsou st AHnt8i8al |y outperformir
0.64, mloU O 0. 33) . bitbhlya mP@ dcburavydossi Taaseletede x h i
CNN model is subsequently transferred to a neighboring target area with coarser
geological mapping. In this setting the model successfully subdivides undivided flysch

into several lithostratigraphic units consistent with field observations, while softmax-
based confidence and normalized entropy maps delineate uncertain zones along
complex contacts and spectrally similar units. Overall, the results indicate that multi-
sensor opticali SART texture data fusion combined with deep CNNs provides an
efficient framework for refining and upscaling geological maps in mountainous terrain.
Beyond high classification accuracy, the explicit representation of spatial uncertainty
supports informed geological interpretation, prioritization of fieldwork, and the use of
CNN-based products as decision-support tools in future geological surveys.

Keywords: lithological mapping; deep learning; convolutional neural networks; multi-
sensor data fusion; Sentinel-2; Sentinel-1; ALOS PALSAR; Google Earth Engine;
uncertainty mapping; Epirus (Greece)
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Chapter 1° - Introduction

1.1 Background Information

Geological maps fall under the category of thematic maps, as they are considered
special-purpose tools used to gain geological insights into a particular region
(Br e z s ny §2086% R key distinction between geological maps and most other
map types lies in their interpretive nature (Maltman, 1990). The process of creating a
geological map involves multiple analytical stages, where geologists gather
lithological, structural, and stratigraphic information through fieldwork and mapping
activities (Maltman, 1990; Br e z s n y §2086f Historically, geological maps have
been described as "the visual language of geologists" (Ostaficzuk, 2005). As noted by
North, F.J. (1928) a geological map represents both the scope and precision of
geological knowledge at the time it was produced and serves as a foundation for further
research (Maltman, 1990).

From a cartographic perspective, a geological map is a scaled graphical depiction of
the spatial arrangement of geological features, structures, and formations with their
characteristics, distribution, and relationships and its relative ages reflecting the state
of geological knowledge at the time of mapping (Br e z s ny §20867Lkshg, 2020;
Wang et al., 2022). These maps display the surface distribution of various geological
features in each area. Through the patterns they reveal, geologists can interpret
subsurface arrangements and reconstruct the geological history of the region
(Mal t man, 1990; B r .eThes infgrrBation zeprgsente 0y Ousing a
distinct combination of colors, lines, and specialized symbols unique to geological
mapping. Notably, the colors and symbols used to indicate the age of rock units,
of fering insights into Earthds dynamic
time, into spatial representation ( Br e z s n y206s z k y

Geological maps are essential tools for both gathering and communicating new
geological information. Geological maps continue to be the most practical and efficient
means of depicting the spatial arrangement of rock formations, even in two
dimensions. Serving as a foundation for understanding Earth's structure and
processes (Ostaficzuk, 2005), these maps are essential in reconstructing the
geological history and past conditions of a region (Maltman, 1990). Beyond scientific
research, geological maps have significant societal value. They contribute to informed
social, communal, and political decision-making, especially at the field of economic
development since detailed geological mapping provides critical insights into the
distribution of natural resources such as minerals, groundwater, oil, and building
materials (Ostaficzuk, 2005; Tamani et al., 2019). Additionally, these maps support
environmental planning and protection, informing public policy by identifying areas
prone to natural hazards or suitable for landfills, construction, and tourism (Ostaficzuk,
2005; Tamani et al., 2019).

Producing high-quality geological information for a specific region is a complex and
costly process, particularly during the data-gathering stage of fieldwork. However, the
landscape of geoscience changed dramatically in the late 20th century with the advent
of Information Technology (IT), marked the beginning of a new era of data handling
and visualization (Ostaficzuk, 2005). By the early 215 century, significant
advancements had been made in both the acquisition of field data and the ways
geological maps were created and presented (Whitmeyer, Nicoletti and De Paor,
2010). A major contributor to this transformation was the development of digital tools,
particularly Geographic Information Systems (GIS). These systems enable the
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capture, storage, processing, updating, analysis, and display of geographically
referenced data, making them essential for modern geoscience (Ostaficzuk, 2005).

Thanks to IT and GIS technologies, geological information has become highly flexible
and customizable. Users can now select specific areas of interest, adjust map scales
and base layers, change visual styles such as colors and line types, and apply a range
of visualization techniques. This flexibility extends to the method of distribution
geological data can be shared on paper, online, and in various formats, resolutions,
and complexity levels (Ostaficzuk, 2005). The use of remote sensing tools, including
aerial photography and satellite imagery, significantly reduces the cost and time
required for data acquisition. These tools also enable precise parameter definition,
which supports consistent monitoring and repeated comparisons over time
(Ostaficzuk, 2005).

Remote Sensing (RS) is the process of acquiring data and information about objects
or areas on the Earth's surface or in its atmosphere without direct physical contact. It
involves the use of sensors mounted on distant platforms to measure interactions
between electromagnetic radiation and the target surfaces or materials (Short, 1982;
Jong, Meer and Clevers, 2004). Also known as Earth Observation (EO), remote
sensing encompasses a wide range of tools, techniques, and technologies used to
capture images and monitor surface characteristics from a distance. To make
electromagnetic radiation outside the visible range detectable to the human eye,
remote sensing employs various tools and devices capable of capturing signals in the
near-infrared, mid-infrared, thermal infrared, and microwave regions of the spectrum
(Jong, Meer and Clevers, 2004). The manually made derivatives of satellite imagery
include color composites, spectral signatures, and indices or ratios. These products
enhance interpretation by highlighting specific features or changes on the Earth's
surface, aiding in detailed analysis for applications.

RS spectral imagery plays a vital role in a wide range of Earth science applications,
including geology, geography, mining, environmental studies, agriculture, forestry,
meteorology, oceanography, natural hazard mitigation, land use planning,
hydrogeology, sediment analysis, contamination assessment, and disaster
management (Maltman, 1990; Jong, Meer and Clevers, 2004; Ouattara et al., 2004;
Tamani et al.,, 2019). Enhancing exploration techniques and the identification of
lithological units, especially in remote or inaccessible regions, is crucial for advancing
understanding of regional geology. Remote sensing data has proven particularly
valuable in geological mapping, especially for detecting alteration minerals and
distinguishing between different rock types (Maltman, 1990). For decades, geologists
have relied on aerial photography to support the interpretation and analysis of
geological features. Today, remote sensing technologies have revolutionized the
ability to identify rock types and interpret tectonic structures with greater precision
(Tamani et al., 2019).

RS offers numerous advantages that make it an indispensable tool in Earth
observation and environmental monitoring. One of its key strengths lies in the ability to
collect data from regions that lack ground-based measurements, ensuring consistent
and global coverage. Digital recordings of remotely sensed data allow for extensive
manipulation and analysis through digital image processing and pattern recognition
techniques, enhancing the accuracy and interpretability of observations (Jong, Meer
and Clevers, 2004).These methods also ensure spatial continuity and enable rapid
data acquisition, allowing for near-simultaneous field mapping and real-time monitoring
(Ostaficzuk, 2005). The precise definition of parameters supports repeatability, making
it possible to conduct long-term comparisons and detect changes over time.
Additionally, remote sensing contributes to integrated Earth system models by
combining surface-based and satellite data to provide uniform, frequent, and high-
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resolution information. Many remote sensing datasets are freely accessible, and web-
based tools are available to facilitate data analysis, broadening their use across
research, policy-making, and education.

With the advancement of computer and space technologies, both GIS and RS have
rapidly evolved and become essential to modern geoscience research (Lee and Jung,
2019). In geological remote sensing, image interpretation plays a crucial role, enabling
the extraction of key features from various types of imagery sets an essential
component in geological surveying and mapping. To enhance interpretation
capabilities, especially over the past few decades, a range of machine learning
techniques such as artificial neural networks (ANN), decision trees, support vector
machines (SVM), and more recently, deep learning (DL) have been increasingly
applied to geospatial sciences and engineering research (Lee and Jung, 2019). Among
these, DL has shown exceptional promise in the field of image analysis, leading to
significant breakthroughs in image understanding (Zhu et al., 2017).

DL algorithms are capable of learning hierarchical, representative, and discriminative
features directly from data, which makes them especially suitable for processing and
analyzing large-scale RS datasets (Camps-Valls et al., 2021; Zhang et al., 2021). As
a result, DL has become a rapidly growing area of interest in the remote sensing and
geoscience communities. Its ability to handle complex data structures and deliver high-
performance outcomes positions it as a transformative tool likely to shape the future of
remote sensing image processing and analysis (Zhang et al., 2021).

DL has emerged as a cutting-edge and highly effective technique for image
processing, including the analysis of remote sensing imagery (Kussul et al., 2017). It
has gained significant attention within the geoscience community due to its ability to
deliver fast, accurate results across a variety of applications. DL has proven valuable
in fields such as environmental monitoring, natural hazard assessment, and the
exploration and management of natural resources. Compared to traditional machine
learning methods, deep learning models offer key advantages, particularly their ability
to recognize complex patterns and efficiently process vast datasets. These strengths
have enabled their application in numerous geoscientific and engineering domains,
including petroleum exploration, heavy mineral analysis, mining and tunneling,
transportation infrastructure development (such as railways and roads), seismology,
slope stability analysis, and the design of retaining and stabilizing earth structures
(Mojtahedi et al., 2025). In remote sensing applications specifically, deep learning
techniques are primarily used in three major areas: surface classification, object
detection, and change detection, all of which are essential for accurate environmental
analysis and decision-making (Zhu, He and He, 2019).

Bringing these strands together, contemporary geological mapping sits at the
intersection of established field interpretation, geospatial infrastructures, and data-
driven image analysis from remote sensing and deep learning. Despite substantial
progress, practical challenges remain, particularly the need for scalable, reproducible
workflows that can generalize across terrains, leverage multispectral information
effectively, and deliver cartographic products at decision-ready scales. Addressing
these gaps requires a systematic evaluation of modern learning architectures
alongside robust preprocessing and validation protocols. The present thesis responds
to this need by integrating state-of-the-art convolutional models with multispectral and
morphological predictors within a geoinformatics framework. In the next section, we

define the studyodés aims and scope, det ai

measures used to assess the efficacy of this integrated approach to automated
geological mapping.
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1.2 Subject and Purpose of the Master's Thesis

The primary aim of this postgraduate thesis is to evaluate the effectiveness of modern
remote sensing methods and deep learning technigues in the context of automated
geological mapping, with the ultimate goal of enhancing the accuracy and functionality
of the resulting cartographic products.

With the advancement of satellite technologies and computational capabilities, it is now
possible to exploit high-resolution remote sensing data in combination with advanced
machine learning techniques for the automated extraction of geological information.
Within this framework, the present study explores the integration of U-Net-type
algorithms and their recent variants, such as Dense U-Net, Residual U-Net, and
Attention U-Net, as well as widely used pre-trained models including VGG19 and
ResNet50, aiming at the recognition and classification of geological formations.

These algorithms are applied to multispectral satellite data and morphological data,
which are preprocessed using techniques such as false-color composite generation,
Principal Component Analysis (PCA), and noise reduction. The integration of GIS tools
in data processing and visualization allows for the creation of complete cartographic
products that can be assessed using both quantitative and qualitative accuracy
metrics.

The area of the analysis is in the structurally complex Athamanika (Tzoumerka)

Mountains of Epirus, Greece and it is covered by the geological maps of the Hellenic

Survey of Geol ogy and Miner al Exfl| Bramibhohasdheet
addition, geological cross-sections and lithological samples are available for the study

area, the lithological samples were collected from the field area.

The training of the models was based on lithological data derived from the engineering-
geological map of i A g n,awhithaserved as the reference ground truth. The
methodology is piloted in a specific study area for which a geological base map at a
scale of 1:50,000 is available. The goal is to produce a more detailed and enhanced
geological map at the same scalef or @ P r, macomporatira additional information
derived from satellite data and deep learning models.

The study sets out to achieve the following two main objectives:

a) To assess the performance of the selected algorithms in geological
classification based on standard accuracy metrics; and

b) To develop and evaluate a comprehensive methodological framework that
combines remote sensing and artificial intelligence for geological mapping,
especially in regions with limited accessibility or low density of field-based
geological observations.

Overall, this thesis aims to contribute to the advancement of automated,
technologically cutting-edge approaches to geological mapping that are reliable,
flexible, and reproducible. The proposed methodology aspires to support wider
applications in the field of geosciences and in the sustainable management of the
natural environment.

1.3 Structure / Organization of the Thesis
The thesis is structured into six main chapters, which are developed as follows:

x Chapter 18 - Introduction: This chapter presents the fundamental introductory
elements, including the research topic, objectives, and the overall structure of the
thesis.
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Chapter 2@ - Theoretical Background: This section explores the role of remote
sensing in geosciences, examines the applications of satellite data and their use in
chartography, and investigates the contribution of deep learning methods and
pattern recognition algorithms in geological mapping.

Chapter 38 - Methodological Approach: This chapter outlines the adopted
methodology, describing the use of the U-Net architecture and its variations (Dense
U-Net, Residual U-Net, Attention U-Net). It also explains the application of pre-
trained deep learning models for transfer learning, including VGG16, VGG19,
ResNet18, and ResNet50. Additionally, it details the geospatial tools employed for
data processing and results extraction.

Chapter 48 - Application of the Methodology: The study area is introduced and
described, followed by an analysis of the procedures for creating false-color
composites, noise reduction, and principal component analysis. The Dissection
Index is calculated, and the final cartographic product is generated.

Chapter 568 i Evaluation and Discussion of Results: This section presents the
research findings, including a performance comparison of the deep learning
models. It evaluates the accuracy and quality of the geological mapping and
interprets the resulting cartographic data.

Chapter 68 - Conclusions and Future Research Directions: The final chapter
summarizes the key findings, highlights the limitations and challenges of the applied
methodology, and provides suggestions for future research and methodological
improvements.
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Chapter 2° - Theoretical Background: Remote
Sensing and Deep Learning in Geological
Mapping

2.1 Remote Sensing as a Tool in Geosciences

With the continuous advancement of computer science and data processing, modern
tools are increasingly being used to enhance traditional geological methods. Among
the most notable are RS and GIS (Ouattara et al., 2004). These technologies have
become essential for geoscientists, especially in mapping large or inaccessible
regions. RS has a wide range of applications in the geosciences, including geological
and structural mapping, mineral and water resource exploration, hydrocarbon
detection, natural hazard assessment, and geomorphological studies (Hung and Wu,
2018).

Traditionally, geologists have relied on aerial photography for decades to analyze and

interpret the geological characteristics ofthe Ear t hds sur face. Common a
include mapping rock units (stratigraphy), studying landform development
(geomorphology), identifying structural features like folds and faults, assessing

changes due to natural disasters, and locating subsurface resources such as minerals,

hydrocarbons, and groundwater through surface indicators (Ouattara et al., 2004).

While air photo interpretation has yielded valuable results over time, the introduction

of remote sensing has significantly extended these capabilities.

Remote sensing enhances aerial photography in two major ways:

A Wide-area (synoptic) coverage enables geologists to analyze regional
geological patterns using either single images or mosaics.

A Spectral analysis using specific wavelength bands allows for guantitative
interpretation. Through computer processing, data from different sensors can
be merged, or integrated with topographic, geophysical, and geochemical data,
as well as thematic maps (Ouattara et al., 2004).

The fundamental principle of geological remote sensing lies in its use of the

electromagnetic spectrum, as different geological materials interact with specific

wavelengths in distinct ways. These interactions produce unigue spectral signatures,

enabling the identification and differentiation of various geological features. Building

on this principle, geologists apply image processing techniques to analyze remotely

sensed data. These methods allow for the detail
high accuracy (Chen et al., 2024).

One of the major advantages of remote sensing is the accessibility of substantial
existing data resources, which provides regional views across vast areas. It also allows
the integration of data from multiple sensors, facilitates safe and easy access to remote
regions, and supports advanced computer-based analysis. Additionally, it offers a
broad range of energy bands, high processing speed, and lower costs compared to
traditional methods (Hung and Wu, 2018).

Remote sensing techniques applied in geological studies encompass several key
methods, including multispectral, hyperspectral, radar, thermal infrared, and LiDAR
remote sensing. Their underlying principles are summarized as follows (Chen et al.,
2024):
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x Multispectral Remote Sensing: employs sensors to capture data across
several discrete wavelength bands of reflected or emitted radiation from the
Earthoés surface. Because different
characteristics at specific wavelengths, multispectral data enable the
discrimination and mapping of geological materials.

x Hyperspectral Remote Sensing: An advancement over multispectral
systems, hyperspectral sensors acquire data in hundreds of contiguous, narrow
spectral bands. This high spectral resolution allows for more precise
identification of mineral compositions and subtle variations in geological
materials.

x Radar Remote Sensing: Utilizing microwave radiation, radar systems can
penetrate clouds, vegetation, and in some cases, surface layers. This capability
makes radar particularly valuable for examining geological formations,
identifying surface roughness, different material properties and in certain
conditions, investigating shallow subsurface characteristics.

x Thermal Infrared Remote Sensing: records the thermal emission of the
Earthds surface, enabling the dete
differences in material properties, moisture content, or geothermal activity. It is
especially useful for identifying rock types, mapping faults, and monitoring
volcanic or hydrothermal processes.

x Light Detection and Ranging (LiDAR): employs laser pulses to measure the

rocks

ct

on

an

of

di stance to the Earthoés surface, pfroducing

dimensional models of terrain and surface structures. Aiding in the identification
of geological features such as cliffs, valleys, and other terrain elements.

Also, sequential remote sensing data can be used to monitor ground deformation over
time, allowing for the detection of subsidence, tectonic movements, and other
geological processes (Zhou et al., 2016).

The primary application domains of geological remote sensing can be broadly
categorized as follows.

Structural geology and feature identification benefit greatly from remote sensing,
as it enables the detection and mapping of diverse geological structures, including rock
formations, faults, folds, and sedimentary layers, across extensive regions with high
efficiency (Chen et al., 2024). By providing synoptic views, remote sensing facilitates
the analysis of spatial patterns and relationships between geological features, which
is essential for structural interpretation and tectonic analysis.

Mineral exploration and resource mapping make use of the unique spectral
signatures exhibited by various minerals. Through multispectral and hyperspectral
imaging, remote sensing can detect these signatures, enable the identification of
potential mineral deposits and guiding targeted field investigations. This capability not
only accelerates exploration efforts but also reduces costs by narrowing down
prospective areas.

Terrain analysis and topographic mapping are enhanced by datasets such as
digital elevation models (DEMs) and LiDAR-derived point clouds, which deliver highly
detailed representations of surface morphology. These datasets allow geologists to
examine landform characteristics, quantify slope and aspect, and better understand
geomorphic processes at both regional and local scales.

Environmental monitoring and impact assessment are supported by time-series
remote sensing, which tracks changes over time in surface characteristics such as
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vegetation cover, soil composition, and hydrological features. This information is
particularly valuable for evaluating the environmental consequences of mining,
guarrying, and other extractive activities, enabling informed decision-making for
environmental management and rehabilitation (Chen et al., 2024).

Natural hazard assessment and risk reduction rely heavily on remote sensing to
detect and monitor ground deformation, surface displacement, and other precursors to
hazardous events. Time-series analyses of radar and optical imagery can reveal subtle
movements associated with landslides, fault activity, or volcanic inflation. Such insights
not only improve scientific understanding of hazard mechanisms but also support the
development of early warning systems and risk mitigation strategies (Chen et al.,
2024).

2.1.1 Examples of Remote Sensing applications in Geosciences

Application of Remote Sensing in Fluvial Geomorphology: A Case Study from
the Jaldhaka River, NE India

A notable example of applying remote sensing in geomorphological analysis involves
the study of mid-channel bar morphology and fluvial dynamics of the Jaldhaka River
in West Bengal, India. The river, originating from the eastern Himalayas, exhibits highly
dynamic braided patterns, with mid-channel bars forming and evolving in response to
both natural (autogenic) and anthropogenic (allogenic) factors. Mid-channel bar
formation is a natural fluvio-geomorphological process, and their morphodynamics are
closely linked to various hydrological and geomorphic factors such as seasonal flash
floods, channel width and depth, incoming sediment load, discharge volume, flow
velocity, stream power, specific stream power, and variations in bed slope.

The study focused on a ~35.6 km stretch of the river (18.5 km upstream and 17.1 km
downstream from the Nagrakata Bridge), using multi-temporal satellite imagery
(Landsat 8, 20117 2020) combined with field verification (Total Station survey) and
photographic documentation. Through spatio-temporal analysis, the research
guantified the shifting morphology of the bars, variation in braiding intensity, and
sediment aggradation patterns.

Results demonstrated a clear increase in bar bifurcation and instability downstream
from the bridge, largely due to changes in slope, sediment load, and human
interventions such as bridge construction, as illustrated in Figure 2.1. The study used
derived metrics such as stream power, braiding indices, and bar area measurements
to track morphological evolution over time (Gupta and Biswas, 2022).
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Figure 2.1: Temporal variation of mid-channel bar area in Segment 1 (a) and Segment 2 (b) of the
Jaldhaka River and Field photographs illustrating bar stability upstream (c) and downstream (d) of
Nagrakata Bridge, Jaldhaka River (Source: Adapted from Gupta and Biswas, 2022)

This integrated methodology showcases how remote sensing, supported by in-situ
data, can effectively analyze and monitor complex geomorphological processes in
active fluvial systems.

Application of Remote Sensing in Structural Geoloqgy: Surface Deformation
Along the Katrol Hill Fault, Kachchh, India

An prominent application of remote sensing in structural geology is the
morphostructural analysis of the Katrol Hill Fault (KHF) in the seismically active
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Kachchh Rift Basin, western India. The region is characterized by rugged ETW
trending topography and fault-controlled landforms, with the KHF playing a key role in
shaping the geomorphic and structural configuration of the southern mainland
Kachchh.

Using a combination of satellite imagery and SRTM digital elevation models,
researchers mapped fault scarps, drainage deflections, tilted Quaternary terraces, and
domal uplifts, as shown in Figure 2.2. The study revealed that the KHF is segmented
by transverse faults and exhibits differential vertical uplift along its length. These
neotectonic features were validated through field investigations and GPR data,
confirming recent tectonic reactivation and the potential for future surface ruptures
(Misra and Mukherjee, 2022).

Remote sensing techniques allowed for the identification of features such as back
valleys, incised gorges, fault dips, and geomorphic contrasts that would be difficult to
detect at a regional scale otherwise. The integration of remotely sensed data with
geomorphic and geological observations makes this study a representative example
of how remote sensing supports tectonic mapping, hazard assessment, and
neotectonic analysis in structurally complex terrains.
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Figure 2.2: Khari River valley (SW of Bhuj): satellite imagery and DEM-based geomorphic interpretation
with supporting field photographs illustrating Quaternary terraces and neotectonic deformation (ai g)
(Source: Misra and Mukherjee, 2022)

Remote Sensing Application in_Hydrogeological Analysis: Karst Aquifer
Mapping in Tunisia

An insightful example of remote sensing application in hydrogeology is presented in a
study conducted across karst aquifers in Tunisia since carbonate aquifers constitute a
water reserve of essential importance for human supply. Where satellite imagery and
GIS-based modeling were used to delineate fault-controlled fractured carbonate
terrains. The study integrated remote sensing-derived layers, such as slope, elevation,
fault kernel density, and lithological facies, to identify structurally favorable zones for
karst development.

By analyzing these spatial datasets in a GIS environment, researchers mapped areas
of high fault density, a key control on karstification, and revealed the significant
structural influence of active tectonics (e.g., folding, faulting) on aquifer behavior. The
kernel density of faults, derived from remote sensing lineament interpretation, was
particularly useful in identifying zones of enhanced fracturing, which are highly
permeable and prone to karst formation, as shown in Figure 2.3 (Hamed et al., 2023).

This approach highlights the value of remote sensing in detecting hidden tectonic
features, guiding field surveys, and supporting groundwater resource assessments in
structurally complex carbonate terrains.
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Figure 2.3: Map showing the potentiality karst aquifers in Tunisia (Source: Hamed, Y. et al., 2023)
Remote Sensing for mineral exploration: The Hamissana Case Study, NE Sudan

A representative example of using remote sensing for mineral exploration is
demonstrated in the Hamissana area, northeastern Sudan, a region known for its
orogenic gold deposits. This study combined multispectral satellite data (ASTER,
Sentinel-2, Landsat-8) with geological and structural data to predict gold mineralization
zones using a Random Forest predictive model.

Mineral prospectivity mapping (MPM) is a key practice in modern mineral exploration,
aiming to delineate and prioritize zones with high mineralization potential based on
spatial relationships between geological features and known occurrences. Remote
sensing plays a central role in MPM, as multispectral and hyperspectral satellite
imagery can effectively identify lithological and structural features through
characteristic spectral signatures in the VNIR and SWIR regions, as shown in Figure
2.4. These data serve as critical inputs for predictive models that support decision-
making in unexplored or underexplored terrains.

Key remote sensing-derived indicators included alteration mineral indices, lithological
features, and structural lineaments extracted from satellite imagery. The model was
trained on known gold occurrences and achieved a high accuracy in delineating
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prospective zones, validated by independent test samples (Mohamed Taha et al.,
2022).

This integrative approach showcases the strength of remote sensing in mineral
prospectivity mapping, especially when coupled with machine learning techniques. It
allows large, underexplored regions to be effectively prioritized for field exploration and
potential exploitation.
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Figure 2.4: The RBD images derived from ASTER SWIR bands show the spatial distribution of different
alteration zones in colored pixels: (a) RBD1; (b) RBD2; (c) RBD3 (Source: Adapted from Mohamed
Taha et al., 2022)

Remote Sensing for Geohazards: Mapping Geohazards in Alpine Valleys, The
Case of the Latudi River, SW China

In the deeply eroded and vegetation-covered Latudi River valley, located in the
Hengduan Mountains of southwestern China, geohazards such as landslides,
rockfalls, and debris flows pose serious threats to infrastructure and local communities.
Their early identification is particularly challenging due to concealment under dense
vegetation, steep terrain, and complex climatic conditions. This study demonstrated
the effectiveness of integrating multi-source remote sensing techniques to detect and
analyze these geohazards in detalil.

The research utilized three complementary remote sensing methods: (1) SBAS-InSAR
using Sentinel-1A SAR data to detect surface deformation; (2) UAV-based LIDAR to
generate high-resolution hillshade maps and DEMs; and (3) UAV optical
photogrammetry for visual interpretation of geomorphic features. INSAR provided
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millimeter-scale deformation monitoring, revealing active zones of subsidence that
were further confirmed and spatially refined using LIiDAR.

LIDAR proved especially valuable in penetrating vegetation and capturing subtle
terrain changes, allowing the identification of 32 geohazard sites in total (18 landslides,
8 rockfalls, 6 debris flows) as presented in Figure 2.5. These were found to be closely
linked to river erosion, rainfall intensity, and freezei thaw cycles, forming cascading
hazard chains. The fusion of multi-source data improved the reliability of hazard

detection, with each method compensating for the limitations of the others (Yang et al.,
2024).

The study concludes that multi-source remote sensing provides a robust framework

for the early detection and mapping of complex geohazards, especially in alpine gorge
settings.
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Figure 2.5: Comparison of identification results from different remote sensing methods. (a) Identification
results from SBAS-INSAR. (b) Identification results from LiDAR. (c) Identification results from UAV
optical image (Source: Adapted from Yang, Y. et al., 2024)
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2.2 Satellite Data and Its Use in Mapping

As satellite observation technology continues to advance and the number of EO
satellites grows, satellite data has become essential for improving our understanding
of the Earth and its environment (Zhao et al., 2022). RS from satellites now plays a
crucial role in a wide range of civil applications, including agriculture, forestry, mining
and resource exploration, cartography, geoscience research, urban development, and
even land speculation. Among its most critical roles today is its contribution to disaster
prediction, monitoring, and recovery efforts. While remote sensing was initially
developed primarily for military purposes, and continues to serve such functions, its
scope has significantly broadened over time. Today, RS, EO, GIS, and the analysis
and application of such data are collectively referred to as Geomatics (Pelton, Madry
and Camacho-Lara, 2013).

The origins of remote sensing can be traced back to the invention of photography and
the use of balloons to capture the first images of the Earth from above. The earliest
practical remote sensing methods relied on photographic cameras, from balloons,
kites, and even small cameras strapped to pigeons (Pelton, Madry and Camacho-Lara,
2013). The earliest known archives date back to 1868. In the early 20th century,
airplanes gradually replaced balloons, marking a new era in aerial observation.

{o)

Folowi ng the Wright brothersoé first flight

the technological advances driven by both World Wars established practical aerial
remote sensing techniques that played a key role in mapping and understanding the
Earth (Pelton, Madry and Camacho-Lara, 2013; Laffly, 2020). Alongside military
applications civilian uses began to emerge, primarily focused on cartography and map
updates. Over time, photographs shifted from oblique angles to vertical shots taken
directly above the ground, reducing but not entirely eliminating distortions from relief
and perspective as illustrated in Figure 2.6 (Laffly, 2020).

The advent of the space age marked the natural next step in expanding this
increasingly vital aerial perspective of our planet. Recognizing its enormous potential,
both the Soviet Union and the United States quickly invested in space-based remote
sensing for purposes such as military reconnaissance, weather forecasting,
environmental monitoring, and more. Early reconnaissance satellites were equipped
with cameras, and images were recorded on film stored in capsules, which were
periodically ejected and recovered mid-air by military aircraft (Pelton, Madry and
Camacho-Lara, 2013; Laffly, 2020). These early systems relied on photographic film
and prints, but technological progress soon led to increasingly advanced sensors
capable of detecting data across a broader range of the electromagnetic spectrum,
both above and below the visible range perceivable to the human eye. Over time, the
labor-intensive skill of human interpretation of imagery evolved into a process
supported by electro-optical systems and digital computers, enabling the acquisition,
storage, and analysis of vast amounts of information not only about Earth but also
about other planets in our solar system (Pelton, Madry and Camacho-Lara, 2013).

The development of geological remote sensing can be divided into three stages. The
first stage (1962i11972) relied on airborne infrared scanners and cameras for
geological surveys. Sensor diversity was limited, imaging technigues were basic, and
spatial resolution was low, which restricted applications in large-scale geological
mapping (Chen et al., 2024). The second stage (19721 early 1980s) began with the
launch of Landsat-1 and continued through Landsat-3. Multispectral satellite imagery
was combined with field spectral measurements and applied research, laying the
foundation for high-resolution geological remote sensing. Advances during this period
included the development of key payload technologies (cameras, sensors,
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refrigeration), the establishment of a remote sensing industrial chain, and
improvements in multi-satellite networking, orbital coordination, revisit frequency, and
geolocation accuracy (Chen et al., 2024). The third stage (mid-1980si present) has
been defined by rapid technological progress. Breakthroughs in visible, infrared,
hyperspectral, synthetic aperture radar (SAR), dynamic high-precision imaging, and
high-orbit observation have established comprehensive satellite remote sensing
systems for land, ocean, and atmospheric studies (Chen, Li and Wang, 2022).
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Figure 2.6: U.S. Steel Plant Duluth Works Site in 1961 and 2021 (Source:
https://www.perfectduluthday.com/2022/05/23/duluth-aerial-photos-then-and-now-compared-and-
combined/)

2.2.1 Remote Sensing Systems

At the core of every remote sensing system lies its detector, the critical component

responsible for capturing incoming energy. The process begins with the Sun emitting

el ectromagnetic radiation, a small portion of
This energy interact s,being ébborbédhseattgred,aaflectedd s sur f ac
or re-emitted, before traveling back through the atmosphere (Pelton, Madry and

Camacho-Lara, 2013). Once it reaches the satellite, the energy passes through the

systembs optical assembly, such as |l enses or m
The detector then converts this incoming radiation into an electrical signal, which is

processed, stored, and eventually transmitted to ground stations for further analysis.

This sequence allows satellites to gather detai
and atmosphere across different regions of the electromagnetic spectrum.

Remote sensing systems are generally classified based on their primary source of
energy.

x Passive remote sensing relies on natural energy from the Sun. Instruments
in passive systems, such as optical sensors, measure the reflectance of
sunlight from obj ec tBecaosathday Hependoa sunlighf s sur f ac
optical imagery is acquired only during the day and under cloud-free conditions.
Such imagery is widely used for applications like inundation mapping, drainage
mapping, disaster monitoring, and land-use/land-cover change analysis (Musa,
Popescu and Mynett, 2015).

[29]



X

Active remote sensing, on the other hand, uses its own energy source to
illuminate targets. Instruments such as radar, altimeters, and scatterometers
emit signals in specific parts of the electromagnetic spectrum and measure the
energy reflected back from the surface. Radar, particularly Synthetic Aperture
Radar (SAR), is a key active sensing technology. SAR can operate day or night,
regardless of weather conditions, and can penetrate cloud cover. Its ability to
measure soil moisture in bare areas makes it valuable for land-use and land-
cover studies, as well as environmental monitoring (Musa, Popescu and
Mynett, 2015).

The type of orbit chosen for a satellite depends on its mission requirements. Common
orbit categories include Low Earth Orbit (LEO), Medium Earth Orbit (MEO), and
Geosynchronous Orbit (GSO), with specialized variations such as polar, Sun-
synchronous, Molniya, and geostationary orbits (Musa, Popescu and Mynett, 2015).

X

Geostationary Orbit (GEO): Located at an altitude of 35,786 km above the
equator, in the equatorial plane, and with zero orbital eccentricity, GEO
satellites appear stationary r el tdm
ideal for continuous monitoring of a fixed region, as in meteorology and
telecommunications, as presented in Figure 2.7 (Pelton, Madry and Camacho-
Lara, 2013).

Medium Earth Orbit (MEO): Typically at altitudes around 20,000 km with a 12-
hour orbital period, MEO is a stable orbit that enables wide coverage of the
Earthdéds surface.

Low Earth Orbit (LEO): Extending up to 2,000 km in altitude, LEO is home to
many Earth observation satellites, telecommunications satellites, and the
International Space Station. Within LEO, the Sun-synchronous polar orbit
generally between 500 and 800 km is particularly important for EO missions.
This orbit allows satellites to pass over the same location at the same local
solar time, ensuring consistent lighting conditions for repeat observations. Sun-
synchronous satellites provide high- to moderate-resolution imagery covering
the entire planet on a regular schedule (Laffly, 2020).

- Geostationary Orbit (GEQ) - 250-280 milliseconds
[ Medium Earth Orbit (MEO) - 110-130 milliseconds m

. Low Earth Orbit (LEO) - 20-25 milliseconds

MEO :
Static
In motion
" 2-12h/
In motion orbit

1.5h / orbit

-\

2,000-20,000 km

Note: Not drawn to scale

Figure 2.7: Characteristics of satellites orbits (Source: https://vajiramandravi.com/upsc-exam/types-of-

orbits/)
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Due to their varied sensing technologies and orbital configurations, satellites provide
data critical for environmental monitoring, resource management, and disaster
response. Optical satellites offer high-detail imagery suitable for mapping and change
detection, while active sensors like SAR excel in all-weather, day-and-night monitoring
and can capture information invisible to optical systems. Together, these technologies
ensure a continuous, multi-f ac et ed view of Earthos
research, civil applications, and strategic operations worldwide.

Among the various characteristics that define how satellite system instruments record
data, four stand out as the most important, giving the acquired information its distinct
gualities: spatial resolution, radiometric resolution, spectral resolution, and temporal
resolution, as schematically illustrated in Figure 2.8. Other notable features include the
satelliteds mode of operation, whet her
geometric properties.

x Spatial resolution refers to the size of the smallest object that a satellite can
detect or, equivalently, the area on the ground represented by a single image

sur f ace,

el ectro

pi xel . It is most defined by the sensoros

expressed in mi croradians ( Orad).
theoretically observed by the sensor from a given altitude and can be described
either as an angul ar measur ement (
distance in meters. In simple terms, the finer the spatial resolution, the more
detail the image can capture.

x Radiometric resolution, expressed in bits, refers to the number of distinct
brightness levels used by the sensor to record data, or the number of levels
into which the signal is encoded. The higher the radiometric resolution, the
more subtle variations in brightness can be detected, resulting in greater detail
in the recorded information.

x Spectral resolution refers to the width of the wavelength range, or spectral
band, in which a satellite sensor records information, as well as the number of
such bands it can capture. A wide wavelength range results in lower spectral
resolution, making it less effective at detecting fine details and subtle
differences between objects. Conversely, narrower bands provide higher
spectral resolution, allowing for better distinction and more accurate
representation of landscape features.

x  Temporal resolution refers to how often a satellite system can capture data
over the same area of the Earthos
especially for time-series studies or situations requiring frequent and repeated
observations, such as monitoring the progression of forest fires. Temporal
resolution is influenced by factors
swath width, the spatial resolution, and the number of satellites in the system.
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Figure 2.8: Different kinds of resolution, with examples of lower and higher resolution data (Source:
Mahood et al., 2023)

After more than six decades of progress, EO satellites have reached remarkable levels
of capability and accessibility. Advances in spatial, spectral, and temporal resolution,
driven by continual improvements in remote sensing technology, have revolutionized
the way we study and monitor our planet. Modern EO satellites are now equipped with
multi-spectral and hyper-spectral sensors, microwave radiometers, spaceborne radar,
SAR, and even laser systems, meeting the demands of diverse scientific research
fields. As the costs of instruments and satellite launches have decreased, EO data has
become increasingly accessible. Alongside large, multi-sensor platforms, there has
been rapid growth in the use of small satellites and unmanned aerial vehicles (UAVS).
Today, numerous nations operate their own remote sensing satellite systems, serving
a broad range of civil, commercial, and strategic purposes. In this way, EO technology
is having a positive impact on many aspects of daily life (Zhao et al., 2022). However,
remote sensing remains a highly sophisticated process, involving a complex, end-to-
end chain of data acquisition, transmission, and advanced image processing to
transform raw observations into meaningful, usable information for end users (Pelton,
Madry and Camacho-Lara, 2013; Laffly, 2020).

Based on the study of Zhao (2022), found that among current Earth Observation
satellite missions, Landsat, Sentinel, MODIS, Gaofen, and WorldView are the most
significant, with MODIS having the widest range of applications. Sentinel shows the
greatest potential for future influence, particularly between 20217 2025, with Sentinel-
2 identified as the most suitable for vegetation monitoring and the fusion of Sentinel-1
and Sentinel-2 offering strong potential for natural disaster management. While
publications referencing Landsat, MODIS, and Sentinel have grown rapidly, citations
for AVHRR, SPOT, and TerraSAR are declining. The newly developed Remote
Sensing Impact Factor (RSIF) confirmed Landsat, Sentinel, and MODIS as currently
the most influential missions, with Gaofen and WorldView also poised for wider
adoption if their data become open access. EO satellite data are widely applied in land,
atmosphere, water, phenology, and biomass studies, with vegetation, climate, and
land cover as primary research focuses.

The evolution of space remote sensing stems from the long history of mapping and
cartography, with roots in ancient civilizations such as Mesopotamia and Egypt over
3,500 years ago. In the 20th century, the invention of the airplane and the demands of
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World War | revolutionized aerial reconnaissance, leading to the growth of commercial
aerial mapping and setting the stage for satellite-based remote sensing (Laffly, 2020).

Satellite-based mapping can be conducted at global, regional, and local scales, each
serving distinct scientific and practical purposes. At the global scale, satellite imagery
provides consistent, long-term datasets that enable the monitoring of planetary
processes such as climate change, land cover dynamics, and tectonic activity. At the
regional scale, remote sensing supports geological surveys, resource exploration, and
environmental assessments by offering medium to high resolution data suited for
analyzing structural trends, lithological variations, and geomorphological patterns. At
the local scale, very high-resolution imagery and advanced techniques such as LIDAR
or hyperspectral mapping allow detailed investigations of specific sites, including
mineral deposits, fault zones, volcanic terrains, and areas affected by natural hazards.

2.2.2 Satellite Mapping Applications and Current Challenges

Environmental Mapping for Monitoring:

In the 21% century, rising environmental concerns demand accurate, timely, and
globally consistent information to address issues such as climate change, biodiversity
loss, pollution, and natural hazards. Advances in satellite technology now provide wide
coverage, repetitive observations, and near real-time data acquisition. Modern Earth
observation satellites carry advanced multisensory platforms capable of detecting
even subtle environmental changes, while the integration of artificial intelligence (Al)
and predictive models enhances data processing and decision-making. This has
transformed satellites into environmental intelligence systems, providing reliable
observations that that deliver reliable, transboundary observations to support data-
driven policies (Long Holt, 2025).

A major application is land cover and land use mapping. Over 50 years of multispectral
archives enable the detection of environmental trends and land-use changes at
regional and global scales, offering essential insights for ecosystem monitoring and
sustainable land management.

Satellites have also contributed significantly to air quality monitoring. Using
multispectral sensors, researchers have developed global, gap-free datasets of fine
particulate matter (PM2.5) at intervals as short as six days. These advances
significantly improve the resolution of air pollution assessments, allowing the mapping
of particulate distributions in urban and industrial areas. While the full potential of
satellite-based air pollution detection is still evolving, these datasets already provide
valuable tools for evaluating health risks (Sifakis, 1992; Long Holt, 2025).

Another major field of application is coastal zone management. Coastal environments
are highly dynamic, influenced by both natural processes and human activities such
as urbanization, aquaculture, and tourism. Remote sensing has proven particularly
useful for monitoring wetlands, mangroves, coral reefs, shoreline changes, tidal
dynamics, and erosion patterns. Satellite-based thematic maps provide baseline data
for conservation measures and spatial planning (Nayak, 2002).

Overall, satellite-based environmental mapping provides decision-makers with
accurate and consistent datasets that are critical for designing effective conservation
strategies, assessing risks, and formulating evidence-based environmental policies.
Its versatility across multiple applications ranging from land and air monitoring to
coastal management demonstrates its indispensable role in addressing the
environmental challenges of our time.

Agricultural Mapping:
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Land cover is a fundamental component of humani environment interactions, shaping
resource management, ecosystem services, climate regulation, and urban
development. It is also recognized as an Essential Climate Variable. Since the first
satellite images, land cover mapping has evolved from single-image interpretation to
the exploitation of long-term time-series datasets, enabling the detection of
environmental trends and the analysis of land-use and land-cover change. Agriculture
is expanding and intensifying in many areas of the world, but abandoned agriculture is
also becoming more widespread (Xie, Zhang and Xue, 2019). Among these changes,
agriculture represents a critical driver. While agricultural expansion and intensification
continue in many regions, abandoned farmland has also become increasingly
widespread. Monitoring such transformations requires the integration of spectral
indices, such as the Normalized Difference Vegetation Index (NDVI), phenological
metrics, and near-infrared (NIR) reflectance.

RS also underpins precision agriculture, where satellite imagery integrated with GIS
enables monitoring of crop conditions, soil properties, infections, and irrigation needs.
Multispectral and hyperspectral data provide detailed information on crop health and
growth stages, allowing targeted applications of fertilizers, herbicides, and water
(Alcantara et al., 2012). This not only improves crop yields but also minimizes
environmental impacts. GIS-based analyses transform satellite data into actionable
insights, supporting more efficient and sustainable farm management.

Recent advances in classification techniqgues have improved the accuracy of land
cover and crop mapping. Traditional non-parametric supervised classifiers, such as
SVM and random forests (RF), deep learning approaches, particularly convolutional
neural networks (CNNs), have shown significant advantages by automatically
extracting features directly from raw imagery. Despite these advances, agricultural
landscapes remain challenging to classify due to their heterogeneity, especially in
smallholder systems where fields are often smaller than five hectares and crops with
similar spectral signatures coexist. Despite these difficulties, satellite-based
approaches have been successfully applied to crop species recognition, anomaly
detection, and weed identification (Victor, Nibali and He, 2025).

Looking forward, global food security challenges will intensify. Population growth is
expected to drive a 257 70% increase in agricultural yields over the coming decades,
while climate change introduces additional stressors and the need to reduce
environmental impacts (Victor, Nibali and He, 2025). Remote sensing offers a powerful
response to these challenges, as it provides a non-intrusive and cost-effective way to
monitor agricultural systems across time and space. Satellite-based mapping has
become an indispensable tool in addressing the dual challenge of increasing
agricultural productivity while safeguarding the environment.

Mapping Natural Disasters

Natural and human-induced disasters cause severe losses in human lives,
infrastructure, and economic stability worldwide (Dua and Agarwal, 2025). Floods,
earthquakes, hurricanes, wildfires, and landslides strike different parts of the world
every year, often with devastating consequences. Effective disaster management
requires timely, reliable, and large-scale information, and satellite remote sensing has
become indispensable in providing such data (Joyce et al., 2009; Dua and Agarwal,
2025). Its ability to capture wide, often inaccessible areas in near real time makes it
particularly suited for preparedness, emergency response, and recovery.

High-resolution optical and radar imagery enable rapid detection of affected areas,

contribute to risk assessment, and support early warning systems. During disasters,

satellite data help identify damaged infrastructure, flooded zones, or blocked transport

routes, thereby guiding evacuation and resource allocation (Dua and Agarwal, 2025).
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Specific hazards rely on different satellite technologies: flood mapping benefits from
SAR, which penetrates cloud cover and, when combined with hydrological models,
improves forecasting (Notti et al., 2018; Dua and Agarwal, 2025). Earthquakes are
monitored using Interferometric SAR (INSAR) and LiDAR to detect ground deformation
and structural damage (Dua and Agarwal, 2025). Tsunami impacts can be assessed
with coastal imagery and satellite altimetry, while meteorological satellites track
cyclones and hurricanes, providing essential data on storm intensity, trajectory, and
sea surface conditions. Wildfires are monitored using thermal and optical sensors that
detect active fires and burned areas, whereas radar and LiDAR assist in identifying
landslide-prone zones and tracking slope instability. Droughts are evaluated with
vegetation and soil indices such as NDVI, which reveal crop stress and guide water
management (Radhi, Khalil and Ali, 2025).

By comparing pre- and post-disaster imagery, specialists can quantify structural
damage, estimate the extent of losses, and prioritize areas for relief and reconstruction.

The integration of satellite data with GIS has significantly enhanced disaster
preparedness, response, and recovery. Remote sensing technologies provide cost-
effective, timely, and large-scale information that strengthens resilience and reduces
the impact of disasters on human societies and the environment. As satellite
technologies continue to advance, their role in disaster management is expected to
become even more crucial, supporting sustainable urban planning and long-term risk
reduction.

Health and Disease Monitoring

Satellite remote sensing has become an critical tool in public health, enabling the
monitoring, prediction, and control of disease outbreaks. By integrating satellite
imagery with GIS and spatial analysis, researchers can link environmental conditions,
such as climate, vegetation, water bodies, and land cover, to disease transmission
patterns (Dlamini et al., 2019). This spatial perspective strengthens early warning
systems, improves risk assessment, and supports targeted interventions. Advances in
computing and geospatial technologies have further consolidated their role in modern
epidemiology and disease surveillance.

Remote sensing provides environmental and climatic proxies that shape vector and
pathogen distribution. Variables such as land use/land cover, vegetation indices, soil
moisture, and meteorological data allow the identification of high-risk zones, even in
areas lacking ground observations. For example, NDVI and other spectral indices can
highlight ecological conditions favorable to vectors such as mosquitoes or tsetse flies
(Dlamini et al., 2019; Dlamini, 2021; Abubakar et al., 2025). When combined with
epidemiological datasets, these products enable the development of risk maps that
guide control strategies.

One of the main strengths of satellite data is its near real-time availability, which allows
rapid assessment of disease risk in inaccessible or resource-limited areas. The
growing accessibility of high-resolution and low-cost imagery has also encouraged
broader adoption of these techniques in public health planning (Dlamini, 2021).

Applications of RS and GIS in disease mapping have expanded considerably over the
past 25 years. Malaria remains the most extensively studied case, with vegetation and
climate variables used to predict high-transmission areas. Similar methods have been
applied to soil-transmitted helminths, schistosomiasis, and leishmaniasis, where risk
maps have guided interventions (Dlamini, 2021). Remote sensing has also supported
mapping of tsetse fly habitats, forecasting cholera outbreaks, and directing trachoma
control efforts in Sudan (Dlamini, 2021; Abubakar et al., 2025).
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Overall, remote sensing has proven versatile in epidemiology, offering scalable tools
for surveillance, risk assessment, and intervention planning. With continuing advances
in satellite sensors and data processing, its role in health monitoring is expected to
expand, contributing to stronger resilience against emerging disease threats.

Other mapping Satellite data Applications

The integration of satellite imagery with GIS technologies enable the production of
precise and reliable maps, for diverse applications, including environmental
monitoring, resource management, urban planning, and defense. In urban contexts,
high-resolution imagery supports the analysis of land-use change, infrastructure
development, and population dynamics, assisting planners in zoning, transport design,
and sustainable growth management. In ecology and conservation, remote sensing
facilitates the monitoring of biodiversity hotspots, wildlife migration, and habitat
change, providing spatial data for designing wildlife corridors and mitigating humani
ecosystem conflicts. Military and defense applications also rely on satellite-derived
geospatial analysis for mission planning, target identification, and situational
awareness (Zhang et al., 2021, 2022).

Over recent decades, satellite mapping has transformed from basic data collection into
an intelligent, multi-dimensional system. Advances in sensor design, Al, and cloud
computing have expanded applications in agriculture, disaster management, and
national security, while increasing data accessibility (Khanal et al., 2020; Zhang et al.,
2021; Guiop-Servan et al., 2025). Multi-source and multi-modal data integration
combining optical, radar, hyperspectral, and LiDAR technologies now provides
dynamic, near real-time mapping capabilities (Zhang et al., 2021). Big data and Al
further enhance these processes, with machine learning and deep learning techniques
improving land-cover classification, productivity estimation, and environmental
monitoring (Khanal et al., 2020; Guiop-Servan et al., 2025). Platforms such as QGIS,
ArcGIS, SNAP, and Google Earth Engine (GEE) make these tools widely accessible.

Another critical area of progress is the improvement in satellite resolution. Advances
in manufacturing and chip technologies have enabled satellites to capture data at finer
spatial, spectral, and temporal scales. Hyperspectral imaging now provides detailed
information across a broad range of wavelengths, making it possible to detect subtle
differences in materials and resources. Similarly, SAR offers all-weather, day-and-
night imaging capabilities that overcome limitations of optical systems in cloudy or low-
light conditions (Zhang et al., 2022).

Significant progress has also been achieved in resolution and imaging capabilities.
Hyperspectral sensors capture subtle material differences across wavelengths, while
SAR provides day-and-night, all-weather monitoring (Zhang et al., 2022). Small-
satellite constellations now offer higher revisit frequencies and global coverage, and
onboard computing enables preliminary data processing in orbit, improving timeliness
of information services (Zhang et al., 2022). Cloud-based infrastructures such as
Amazon Cloud and GEE further facilitate large-scale analysis, data sharing, and
visualization, extending satellite applications beyond governments to industries and
communities (Khanal et al., 2020).

Despite these advances, several challenges remain. The exponential growth of
petabyte-scale archives exceeds the capacity of many computing systems, while
heterogeneous data formats, varying resolutions, and sensor uncertainties complicate
automated processing (Khanal et al., 2020; Guiop-Servan et al., 2025). Access
inequities also persist: although free datasets from NASA and ESA are widely used,
very high-resolution imagery remains costly, limiting research in resource-constrained
settings (Guiop-Servan et al., 2025). Active sensors such as SAR and LiDAR require
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high computational resources and storage, while hyperspectral data demand adaptive
algorithms and advanced onboard processing capabilities (Zhang et al., 2022).

Additional concerns involve data privacy, security, and transmission bottlenecks.
Cloud-based infrastructures require stronger safeguards for sensitive information,
while limited bandwidth slows the delivery of large datasets, especially for time-
sensitive tasks like disaster response. Finally, while Al and machine learning improve
classification and prediction, they often lack transparency and mechanistic
interpretability, creating challenges for their integration into decision-making systems
(Khanal et al., 2020).

2.3 Machine Learning, Deep Learning, and Pattern Recognition
Algorithms

The mapping of geological formations has traditionally relied on extensive field surveys
and the manual interpretation of satellite imagery. Although these approaches
provided valuable information, they were often constrained by high costs, long
processing times, and limited applicability in remote or inaccessible regions. The rapid
improvement in the spatial and spectral resolution of satellite sensors, combined with
advances in computational power, has driven a transition from conventional
techniques toward more automated analysis methods.

In recent years, the integration of computational intelligence (CI) with remote sensing
has opened new opportunities for exploiting the vast amount of information generated
by Earth observation satellites (Wu et al., 2023). Computational intelligence methods,
including deep neural networks, evolutionary optimization, and swarm intelligence,
have proven highly effective in detecting complex and subtle patterns within satellite
imagery, time-series data, and multispectral or hyperspectral datasets. Looking ahead,
computational intelligence is expected to deliver increasingly robust solutions to the
persistent challenges in remote sensing (Zhang et al., 2021; Wu et al., 2023). Inspired
by biological and cognitive mechanisms, computational intelligence techniques such
as artificial neural networks (ANNS), evolutionary algorithms (EAS), and fuzzy logic are
characterized by their ability to adaptively learn from training data without relying on
predefined assumptions. This flexibility makes them well-suited to addressing the
complexity and uncertainty inherent in remote sensing image analysis (Zhang et al.,
2021).

The main applications of computational intelligence in optical remote sensing include:

A Feature representation and selection,

A Classification and clustering of surface units, and

A Change detection for monitoring environmental or geological processes (Zhang
etal., 2021)

Within the domain of geological mapping, the integration of Al with remote sensing
data provides a fast, accurate, and cost-effective approach to the identification and
classification of lithological units. Both machine learning (ML) and DL techniques have
already been applied to generate lithological maps, predict mineral prospectivity, and
enhance the understanding of geological structures across different regions (Pradhan
et al., 2022; EI-Omairi and EI Garouani, 2024).

Overall, the shift from traditional mapping methods to automated, intelligence-driven
approaches has marked the beginning of a new era in geological mapping, one that is
faster, more reliable, and scalable. These advances hold significant promises for
meeting the increasing demands of geoscientific research and the sustainable
management of natural resources.
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Machine Learning (ML) aims to solve problems by enabling computers to learn
patterns from data rather than relying on explicit rule-based programming
(Trappenberg, 2019). This flexibility makes ML particularly powerful for tasks that are
complex or impractical to capture with predefined logic. At its core, ML algorithms seek
to generalize from data and make accurate (Yao and Zheng, 2023). There are four
major types of machine learning:

Supervised Learning: In supervised learning, models are trained on labeled datasets
consisting of inputi output pairs. The goal is to learn a mapping that can predict the
correct output for new inputs, with performance optimized through cost functions that
measure prediction error (Badar, 2023; Yao and Zheng, 2023) . Supervised tasks are
generally divided into regression, where outputs are continuous values, and
classification, where outputs correspond to discrete categories (Yao and Zheng, 2023).

Unsupervised learning: operates on unlabeled datasets, aiming to uncover hidden
structures or patterns in the data. Clustering is the most common task, with algorithms
such as k-means widely applied to group similar data points (Badar, 2023; Yao and
Zheng, 2023).

Reinforcement learning (RL): represents a third paradigm, where an agent interacts
with an environment and improves performance by maximizing cumulative rewards.
Applications of RL include robotics, autonomous driving, and medical decision-making
(Badar, 2023; Yao and Zheng, 2023).

Semi-supervised learning: A hybrid approach, semi-supervised learning, leverages
both labeled and unlabeled data when fully annotated datasets are scarce (Badar,
2023).

ML techniques have gained prominence in geosciences, supporting tasks such as the
detection of geohazards, characterization of soil and rock properties, and the
prediction of mineralization zones. In geoengineering, applications extend to tunneling,
deep excavations, foundations, and the design of piles and pipelines (Zhang et al.,
2021).
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Figure 2.9: Venn diagram of machine learning concepts and classes (Source: Janiesch, Zschech and
Heinrich, 2021)

Deep Learning (DL) has become increasingly important in remote sensing, as it is
particularly effective for analyzing large, high-dimensional datasets such as images,
time series, or spectral information. Unlike traditional ML methods that rely on
handcrafted features, DL models, especially deep neural networks, are able to
automatically learn hierarchical feature representations directly from raw input data, as
shown in Figure 2.9. This ability makes them highly suitable for noisy, unstructured,
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and large-scale datasets encountered in Earth observation (Janiesch, Zschech and
Heinrich, 2021).

The transition from ML to DL represents a shift from feature engineering to feature
learning. In DL, feature extraction and model training are often combined in an end-to-
end framework, where low-level features are progressively transformed into high-level
abstractions relevant to the classification task (Janiesch, Zschech and Heinrich, 2021).
This hierarchical learning process allows DL models to generalize better across
complex datasets compared to shallow ML algorithms.

Among the most widely used architectures in remote sensing are Convolutional Neural
Networks (CNNs). CNNs exploit the spatial structure of data, making them particularly
effective for image-based tasks (Janiesch, Zschech and Heinrich, 2021). In geological
mapping, CNNs can automatically detect lithological patterns by first identifying basic
shapes or spectral signatures and then combining them into more complex geological
features. This process mirrors how CNNs are used in object recognition, where initial
layers capture simple forms and deeper layers assemble them into meaningful objects.

In recent years, the rapid progress of machine learning has led to the widespread use
of deep learningi based segmentation methods across different scientific fields, often
with impressive results. Among these approaches, the U-Net architecture has become
one of the most influential models for end-to-end, pixel-level semantic segmentation
(Guo et al., 2018). U-Net employs a symmetric encoderi decoder structure with skip
connections that link low-level features from contracting layers with high-level features
from expansive layers. This design, together with strong data augmentation, allows U-
Net to generate more accurate segmentation maps by combining both detailed spatial
information and abstract semantic features (Guo et al., 2018).

The architecture is built around typical convolutional neural network operations
convolution, non-linear activation, and pooling organized in two complementary paths.
The contracting path (encoder) extracts contextual information, while the expansion
path (decoder) uses up-convolutions and concatenations to progressively recover
spatial resolution and produce dense predictions. The nearly symmetrical layout gives
the network its characteristic U-shape and enables highly localized classification
(Siddique et al., 2021).

Originally developed for medical image analysis, U-Net quickly demonstrated its
versatility for segmentation problems where fine-grained outputs are essential. A major
advantage of U-Net is its ability to achieve strong results even with relatively small
training datasets, a property that makes it particularly valuable in domains such as
geosciences where labeled samples are often limited (Siddique et al., 2021).

Building on the canonical model, several improved variants have been introduced. The
attention mechanism enhancest he model 6s focus on the
reducing the influence of less relevant regions, improving overall segmentation quality.
To efficiently process high-resolution imagery, the input data are divided into patches,
and training is performed patch by patch, which balances computational efficiency with
accuracy (Zhong et al., 2018).

Transfer learning is a technique that enables a model trained on one task to be adapted
for a related, but not identical, task. Instead of training a deep neural network entirely
from scratch, knowledge from a previously trained model is reused and selectively fine-
tuned, which makes the learning process more efficient (Kumar, Anuar and Hassan,
2022). In practice, certain layers of the pre-trained network are retrained to capture
task-specific information, while others remain unchanged to preserve the general
representations learned earlier (Kaur, Kumar and Gupta, 2021).
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This approach is particularly useful in domains such as remote sensing and
geosciences, where labeled data are often scarce. By leveraging pre-trained models
originally developed on large-scale datasets, transfer learning significantly reduces the
amount of training data and computational resources required. CNN architectures such
as AlexNet, VGG, ResNet, Inception-V3, SqueezeNet, ShuffleNet, and Darknet-53 are
commonly used as starting points, either by applying feature extraction techniques or
through parameter fine-tuning to adapt them to new applications (Kaur, Kumar and
Gupta, 2021).

Overall, the main advantage of transfer learning is its ability to improve model
performance while lowering the need for extensive training datasets, making it an
essential tool for deep learning applications in fields with limited ground truth
information (Kaur, Kumar and Gupta, 2021; Kumar, Anuar and Hassan, 2022).

Evaluating performance in geological mapping demands task-appropriate metrics.
Because lithological mapping is fundamentally a semantic-segmentation (pixel-wise
classification) problem, the most informative measures are class-wise Intersection
over Union (loU) and mean loU (mloU), complemented by the Dice/F1 score and per-
class accuracy; together, these quantify overlap with ground truth and reveal error
patterns across both common and rare lithologies. When geological features are
modeled as discrete objects (e.g., boulders, vents, fault segments), object-detection
metrics, Average Precision (AP) at multiple loU thresholds and mean AP (mAP),
summarize performance across precisioni recall trade-offs. For completeness, we also
report overall accuracy and Cohend s, but we prioritize class-aware metrics to avoid
inflated scores under class imbalance. All results are reported per class, with macro
averages and the number of pixels/ objects (fAsuj
reproducible comparisons.

After model training, ités time to evaluate its
for object detection algorithms include:

Intersection over Union (loU)

Intersection over Union (loU) is a metric used to evaluate the accuracy of object
detection models. It measures the overlap between the predicted bounding box and
the ground truth bounding box. The loU is defined as the ratio of the area of
intersection to the area of union of the two bounding boxes.
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loU is important because:

A Localization Accuracy: It quantifies how well the predicted bounding box
matches the actual o b j e locatidrs

A Standard Metric: loU is a widely accepted metric for evaluating object
detection models, providing a common ground for comparison.

A Thresholding: It helps in determining true positives, false positives, and false
negatives based on a predefined loU threshold, ensuring consistent
evaluation criteria.

The i Me d o Ui® the average of these loU measurements for all classes in an
image or set of images. Mean loU is a useful metric because s commonly computed
as the unweighted mean over all C classes, and it gives an idea of the spatial
accuracy of detection or segmentation. However, it can be sensitive to object size,
giving greater weight to large objects than to small ones.
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Precision and Recall

Precision is a metric used to measure the accuracy of the positive predictions made
by an object detection model. It is defined as the ratio of true positive detections to
the total number of positive predictions. Precision indicates the model's ability to
identify only the relevant objects without including irrelevant ones.
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A high precision value means that most of the objects identified by the model are
relevant, with few false positives.

Recall is a metric used to measure the completeness of the object detection model
in identifying all relevant objects within a dataset. It is defined as the ratio of true
positive detections to the total number of actual objects. Recall indicates the model's
ability to find all the relevant objects in the dataset.
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A high recall value means that the model successfully identifies most of the relevant
objects, with few missed detections.

Accuracy and Overall Accuracy

Accuracy expresses the proportion of correctly classified samples among all samples:
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A value of 1.0 (or 100%) indicates perfect classification (no false positives and no false
negatives). Accuracy is simple and intuitive, but it can be misleading under class
imbalance, where strong performance on majority classes may mask poor
performance on minority classes.

Overall Accuracy (OA is commonly used in remote sensing and thematic mapping and
is essentially equivalent to accuracy, computed from a confusion matrix.

00

b

where n; are the diagonal elements of the confusion matrix (correctly classified
samples for class i) and N is the total number of reference samples.
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Figure 2.10: Confusion matrix (Source: https://statisticsbyjim.com/glossary/confusion-matrix/)

Average Precision (AP)

Average Precision stands as the fundamental metric for object detection, which
integrates precision, recall, and the
separately for each class, average precision object detection condenses the Precision
x Recall curve into a single humerical summary.
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Mean Average Precision (mAP)

Mean Average Precision (mMAP) is a comprehensive metric used to evaluate the
performance of object detection models. It averages the precision across different
recall values for each class and then computes the mean across all classes. mAP
provides a single metric that reflects both the precision and recall of the model across
various object categories.

F1 Score

The F1 Score is a single metric that combines precision and recall to provide a
balanced measure of a model's performance. It is particularly useful in scenarios
where both false positives and false negatives are important, and a balance between
precision and recall is desired. The F1 Score is the harmonic mean of precision and
recall, giving equal weight to both metrics.
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The F1 Score ranges from 0 to 1, where 1 indicates perfect precision and recall, and
0 indicates the worst performance.

Ca

"®YOET @

CH

C o h e Kappa Coefficient
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Co hends (akmeapsuras agreement between predictions and reference labels
beyond chance agreement. It is defined as:
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Where:
P, is the observed agreement, typically:
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P. is the expected agreement by chance, computed from the marginal totals of the
confusion matrix:
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with nithe total reference samples in class i (row sum) and nj the total predicted
samples in class i (column sum).

Interpretat i on 8a0 i ndiewatlesagahemeant , whi | e a=1
agreement; negative values indicate agreement worse than chance.

Macro average

For multi-class problems, macro averaging computes the metric independently for
each class and then averages across classes.

DOwiod < 0
0
Where xc can be precision, recall, or F1 for class c.
KeyProperties:

A Treats all classes equally (independent of how many samples each class has).

A Useful to highlight performance on minority or difficult classes.

A May not reflect overall performance when class frequencies are highly
imbalanced.

Weighted average

Weighted averaging computes a weighted mean of per-class metrics, using class
support as weights.
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With we=supportc, where support. is the number of true samples of class c.
Key properties:

A Accounts for class imbalance by giving more influence to frequent classes.

A Can mask poor performance in rare classes.

A Often providesagoods ummary of f@doverallo performance
world datasets.

Macro F1
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The macro F1 score metric measures the average of F1 scores that are calculated
separately for each class.
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Weighted F1

Weighted F1 averages F1 using class support as weights.
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Macro F1 is typically preferred when performance on all classes is equally important,
while Weighted F1 is useful for summarizing performance when class frequencies are
imbalanced.

Diagnostic Training Metrics:
Training Loss

Training Loss quantifies how well a deep learning model fits the training dataset.
During training, the model makes predictions w for the inputs, which are compared
with the ground-truth labels w through a loss function L.

The training loss can be expressed as:

p
LOSSL'T 0 who

where 0 is the number of training samples, w the true label, w the predicted output,
and 0 the selected loss function. In practice, loss is computed per mini-batch and
averaged over an epoch. Lower training loss generally indicates improved fit to the
training data, whereas persistently high training loss may suggest underfitting or
optimization difficulties.

Validation Loss

Validation loss evaluates a deep learning model performance on a validation
dataset, which is not used to update the model parameters. It is typically computed
at the end of each epoch:
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where M is the number of validation samples. Validation loss provides an estimate
of the mo d e dedesalization ability on unseen data.

Monitoring both training and validation loss is important because it helps to:

A Detect Overfitting: Training loss decreases but validation loss increases
indicating the model is memorizing the training data.

A Detect Underfitting: Both losses remain high, showing the model is too
simple or not learning patterns well.

A Hyperparameter Tuning: Loss trends help adjust learning rate, batch size,
architecture and regularization.
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A Generalization: Validation loss reflects how well the model performs on
unseen real world data.

A Optimize Training Process: Monitoring both losses supports decisions like
early stopping and learning rate scheduling.

Training Accuracy

Training accuracy is the proportion of correctly classified samples within the training
set:
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It reflects how well the model fits the training data, but by itself it is not sufficient to
assess generalization.

Validation Accuracy

Validation accuracy is computed on the validation set and is used to monitor
generalization during training and to support model selection.

Confusion Matrix

A confusion matrix is commonly used to present classification performance per class.
Each row represents the true class (ground truth), and each column represents the
predicted class, as schematically illustrated in Figure 2.10. Diagonal elements indicate
correct predictions, while off-diagonal elements represent misclassifications.
Confusion matrices enable the computation of class-wise metrics such as precision,
recall, and F1-score, and they help identify systematic confusions between specific
classes.
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Chapter 3° - Methodological Approach

3.1 Description of the Methodological Approach

In the following paragraphs, the methodological approach adopted in the present
thesis is described in detail. The wider research area is characterized lithologically
using two available geological maps at 1:50,000 scale, which differ in the level of
thematic detail and the spatial representation of lithological units. One map provides a
harmonized (unified) lithological classification in which formations are grouped into
broader units, while the second map presents a more detailed legend with units
separated into finer categories. The aim of this thesis is to reproduce the regional
lithological patterns captured by the unified scheme and, at the same time, generate
an output lithology map that better reflects the more detailed unit separation. To
achieve this, the workflow is structured into eight sequential phases, spanning
reference data preparation, multi-sensor feature cube construction, dimensionality
reduction experiments, supervised learning, full-scene inference, and final evaluation
and cartographic presentation of the results.

Phase 11 Reference data preparation (ground truth):

Lithological polygons are ingested in Google Earth Engine (GEE), (products of the
digitization of the two geological map sheets),where categorical geological codes are
mapped to integer class IDs. The polygons are rasterized to produce a pixel-aligned
lithology label layer, while a NoData/background class is assigned outside mapped
units.

Phase 2 i Multi-sensor data acquisition and preprocessing:

Remote sensing inputs are assembled for the study area, including optical imagery
(Sentinel-2 and Landsat-8), radar backscatter (Sentinel-1 and ALOS PALSAR), and
terrain information (DEM-derived geomorphology). Standard preprocessing is applied
per data type (cloud/shadow/snow masking and compositing for optical data; terrain
correction and speckle reduction for SAR; computation of slope, aspect, curvature and
related derivatives). Texture measures are additionally derived from selected bands
using GLCM statistics.

Phase 31 Feature engineering and feature cube construction (34-band configquration):

Lithology-sensitive spectral indices, SAR ratios, and texture layers are computed and
stacked with the raw bands and terrain derivatives. All layers are harmonized to a
common spatial reference and resolution (30 m), clipped to the study extent, and
combined into an analysis-ready 34-band feature cube. A validity mask is generated
to retain only pixels with complete data coverage.

Phase 4 i Dimensionality reduction experiment (PC10 configuration):

To assess the impact of feature compression, Principal Component Analysis (PCA) is
applied to the 34-band feature cube. The first ten principal components (PC10) are
retained as an alternative input representation and exported alongside the lithology
label layer.

Phase 51 Training dataset construction (patch sampling):

Training samples are created by extracting fixed-s i ze 32132 pi xel
valid labeled pixels. Each patch is assigned the lithology class of its center pixel
(center-pixel supervision). The dataset is split into training and validation subsets using
a stratified 80/20 split to preserve class representation.
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Phase 6 i Supervised learning (model training and benchmarking):

Deep CNN classifiers (VGG19 and ResNet50) are adapted to accept multi-channel
inputs and trained in Kaggle under two feature configurations: (a) the full 34-band cube
and (b) the PC10 cube. Random Forest and SVM models are additionally trained as
baseline benchmarks using pixel-wise feature vectors derived from the same inputs.

Phase 7 i Full-scene inference and lithology map generation:

Trained models are applied to the full feature cube using a reflect-padded sliding-
window inference scheme. Predictions are assigned to the corresponding center pixels
to produce dense, pixel-level lithological classification maps. Outputs are exported as
georeferenced GeoTIFFs, with optional confidence and uncertainty (entropy) layers for
model interpretation.

Phase 8 i Evaluation, comparison, and cartographic output:

Mo del perfor mance i s qguanti fied using Overa
Macro/Weighted F1-scores, and mean loU, enabling direct comparison between

architectures (VGG19 vs ResNet50) and input configurations (34 bands vs PC10).

Final maps are visualized, validated, and prepared for presentation in a desktop GIS

environment (e.g., ArcGIS Pro/QGIS).

3.1.1 Feature Engineering & Label Preparation

In the first phase of the analysis, a harmonized, analysis-ready feature cube is
developed for lithology classification using the Google Earth Engine (GEE) cloud-
based geospatial platform. The feature cube integrates optical composites from
Sentinel-2 and Landsat-8 with a series of lithology-sensitive indices (NDVI, NDSI-
soil [SWIR1i Green], clay ratio [SWIR1/SWIR2], ferrous index [SWIR1/NIR], quartz
proxy [SWIR2/NIR] and brightness), along with L-band ALOS PALSAR metrics (HH,
HV, HH/HV ratio, and GLCM textures), and C-band Sentinel-1 backscatter features
(VV, VH, VV/VH ratio, VV-based textures).

In more detail, the process begins with ingestion of a lithology shapefile, mapping
categorical Geol_Code values to integer class IDs, and the polygons are rasterized
to produce a lithology_id label layer. Optical median composites are then generated
from cloud-, shadow-, and snow-masked Sentinel-2 Level-2A bands (B2, B3, B4,
B8, B11, B12) and radiometrically scaled Landsat-8 Level-2 bands (B2i B7). From
these composites, several lithology-sensitive spectral indices are derived, including
NDVI, a soil-oriented NDSI (SWIR1i Green), clay ratio (SWIR1/SWIR2), ferrous
index (SWIR1/NIR), quartz proxy (SWIR2/NIR), and a general brightness metric.

The feature set is further enriched with SAR derived variables: ALOS PALSAR L-
band backscatter (HH, HV), HH/HV ratio, and GLCM texture measures from the HH
channel, as well as Sentinel-1 C-band backscatter (VV, VH), VV/VH ratio, and VV-
based textures. All inputs are stacked, reprojected and clipped to the defined study
area.

A validity mask is then applied to retain only pixels with complete data coverage, and
a diagnostic layer is generated to visualize data gaps. Subsequently, a Principal
Component Analysis (PCA) is performed using mean-centering, covariance-based
eigen-decomposition, and z-score normalization. The first ten (10) principal
components are retained.

The final output consists of the top ten principal components compined with the
lithology_id label layer, exported at 30 m spatial resolution (optionally at 10 m). It is
noted that differences in acquisition years between optical and SAR data may
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indroduce domain shifts, which should be considered in subsequent classification and
validation steps.

3.1.2 Supervised Learning & Lithology Map Generation

The second phase of the workflow, supervised machine learning techniques are
applied to predict lithological classes from the features representations produced in
the first phase. A CNN based in the VGG19 architecture is implemented in PyTorch
and adapted to ingest multi-channel remote sensing inputs. Specifically, the network
is modified to accept ten input channels corresponding to the ten principal components
derived from the PCA-transformed feature cube.

Training samples are generated by extracting fixed-size patches ( 321 32 pi xel s) fr
regions with valid lithological labels. The dataset is divided into training and validation

subsets using a stratified random split (80/20), ensuring balanced representation of

lithology classes. Prior to training, per-band standardization is applied to the input

features. The network is optimized using the Adam optimizer with a cross-entropy loss

function, and model performance is evaluated on the validation set through a

classification report including precision, recall, F1-score, loU, mloU, accuracy, overall
accuracy, Cohenbds Kappa, macro average, weight
training loss, validation loss, training accuracy, validation accuracy metrics and a

confusion matrix.

For full-scene inference, a reflect-padded sliding window approach is employed across
the valid data mask to produce dense, pixel-level predictions over the entire study area.
The resulting lithology map is exported as a georeferenced, single-band GeoTIFF,
spatially aligned with the input feature cube, and preserving nodata areas where
applicable. This output provides a continuous lithological classification suitable for
suitable for further analysis, accuracy assessment, or integration into broader
geoscientific workflows.

Following the PCA-based experiment, a comparative model was trained using the full
34-band input feature set (without PCA dimensionality reduction) to evaluate the
impact of feature compression on classification performance.

In addition to the primary VGG19 implementation, further experiments are conducted
to evaluate the performance of alternative convolutional neural network architectures
through transfer learning. Specifically, a pre-trained ResNet50 model is adapted to the
lithological classification task by replacing their initial convolutional layers to
accommodate multi-channel remote sensing inputs. Each model is trained and
validated under two different feature configurations: (a) the 10-channel PCA-
transformed cube, representing a dimensionality-reduced input, and (b) the 34-channel
full feature cube, which preserves all original spectral, radar, and texture bands.

3.2 Presentation of the Random Forest Algorithm

Random Forest is a powerful supervised machine learning algorithm, developed by
Leo Breiman and Adele Cutler, that has become one of the most widely applied
multiple-model approaches in modern data analysis. The key idea of Random Forest
is to combine a large number of individual decision trees into a collective model, whose
final prediction is obtained through aggregation of the individual tree outputs. This
process improves the overall accuracy, robustness, and generalization ability
compared to a single decision tree (Biau and Scornet, 2016).

The foundation of Random Forest lies in the decision tree, a predictive model that
maps observations about data items to conclusions about their target values. Decision
trees operate by recursively partitioning the dataset into smaller and more
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homogeneous subsets based on feature values, as schematically illustrated in Figure
3.1.

Key components of a decision tree include:

Root node: Represents the complete dataset and is the starting point for tree
construction.

Leaf node: Terminal nodes that contain the final predicted output (a class label for
classification, or a numerical value for regression).

Decision/Split Nodes: Internal nodes where the data is divided based on selected
features and threshold values.

Parent and Child Nodes: Structural relationships between the root and subsequent
splits that form subtrees.

Decision trees can be classified into two categories depending on the target variable:
1. Classification Trees: Used when the outcome variable is categorical.

2. Regression Trees: Used when the outcome variable is continuous.

@ \ @ @
@® ©) \ @ (©] \ @ /O
@ @ @ o @ @ @ o @] o @ @
' EEEXEEX X ooooooloo""....éo..
Decision Tree-1 Decision Tree-2 Decision Tree-n

l

Mode (Classification)
or Mean (Regression)

[ Final (;utput ]

Figure 3.1: A schematic diagram of the random forest algorithm (Source: Rani et al., 2022)

While decision trees are intuitive and interpretable, they suffer from instability (small
changes in the data can produce a very different tree) and a tendency to overfit.
Random Forest mitigates these limitations by combining multiple trees into a single
ensemble model.

Random Forest employs ensemble learning, a paradigm where multiple models are
trained and combined to solve a given task. The specific technique used is Bootstrap
Aggregation (Bagging). The intuition behind bagging is that training multiple weak
learners on different random subsets of the data and averaging their predictions results
in a strong learner with reduced variance (Biau and Scornet, 2016).

The steps in Random Forest construction are:
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1. Bootstrap Sampling: From the original dataset, multiple bootstrap samples are
generated by sampling with replacement. Each tree is trained on one bootstrap
sample.

2. Random Feature Selection: At each node split, only a random subset of features
is considered, rather than all features. This reduces correlation among trees and
enhances model diversity.

3. Independent Tree Training: Each decision tree is trained independently, allowing
parallel computation and scalability.

4. Prediction Aggregation:

A For classification tasks, the final output is determined by majority voting.
A For regression tasks, the final output is the average of all tree predictions.

While bagging is the cornerstone of Random Forest, it is often contrasted with
boosting, another ensemble technique.

A Bagging builds multiple models independently and combines them to reduce
variance.

A Boosting builds models sequentially, where each new model focuses on
correcting the errors of its predecessor.

The performance of Random Forest is influenced by several key hyperparameters
(Biau and Scornet, 2016):

A Number of Trees: A larger number of trees generally improves performance
but increases computational cost.

A Maximum Depth: Controls the depth of individual trees, deeper trees capture
more complexity but risk overfitting.

A Number of Features: The number of features considered for splitting at each
node. A smaller number increases diversity but may reduce accuracy of
individual trees.

A Minimum Samples per Split/Leaf: Controls how many samples are required
to create a split or leaf, influencing model complexity.

A Bootstrap Sampling: Determines whether bootstrap samples are used or the
full dataset is considered.

Tuning these hyperparameters allows Random Forest to balance accuracy,
generalization, and computational efficiency.

In this study, a Random Forest classifier was implemented using the
RandomForestClassifier module of scikit-learn to perform multi-class lithological
mapping. The model was configured with 300 decision trees (n_estimators = 300) and
unrestricted depth (max_depth = None), while class imbalance was handled through
balanced bootstrap sampling (class_weight = "balanced_subsample"). Training was
parallelized across CPU cores (n_jobs = -1) and all experiments were made
reproducible by fixing the random seed (random_state = 42). Model performance was

assessed on a held-o u t validation set using Over al

macro/weighted F1-score, and mean loU computed via the Jaccard index.

The input data were provided as multi-band GeoTIFF cubes, where the predictors were
arranged in stacked raster bands and the lithology labels were stored as a separate
label band. Two feature configurations were evaluated using the same pipeline: a 10-
band PCA-transformed cube (PC10) and a 34-band full feature cube (spectral, radar,
and texture features). In both cases, the feature bands were normalized per band using
z-score standardization to reduce scale differences among channels. Subsequently,
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each raster cube was reshaped into a pixel-wise dataset by flattening each pixel into
a feature vector (10-dimensional for PC10 and 34-dimensional for the full feature
cube), while pixels labeled as NoData (class 0) were excluded using a validity mask.
The remaining labeled pixels were split into training and validation subsets (80/20) with
stratified sampling to preserve class proportions. After validation, the final Random
Forest model was refit using all valid labeled pixels and applied to produce a lithology
prediction map, which was exported as a GeoTIFF for further analysis and
visualization.

3.3 Presentation of the Support Vector Machine Algorithm

Support Vector Machines (SVMs) are among the most influential and widely applied

supervised machine learning algorithms. They were developed in the early 1990s by

Vladimir N. Vapnik and his colleagues, with a significant milestone being the 1995

paper ASupport Vector Met hod f or Function App
and Signal Processi ng o0 .aines8 poputasty dueht@thejr stréng Ms hav e
theoretical foundation in statistical learning theory and their robustness in handling

both small and complex datasets. One of their main advantages is that they often

achieve high performance with minimal parameter tuning (Cortes and Vapnik, 1995).

The essential goal of an SVM is to classify data by finding the optimal decision
boundary that separates different classes. This boundary, known as the hyperplane,
is selected such that the separation between the two classes is as wide as possible.
By maximizing this separation, SVM ensures that the model generalizes well to unseen
data, reducing the risk of overfitting (Cortes and Vapnik, 1995).

In simple two-dimensional data, the hyperplane can be visualized as a line that divides

the points belonging to different categories, as shown in Figure 3.2. In higher-

di mensi onal feature spaces, this boundary becc
effectiveness lies in its ability to find the hyperplane that not only separates the classes

but also maximizes the margin, which is the distance between the hyperplane and the

nearest data points from either class. These nearest points, called support vectors,

play a critical role because they define the position and orientation of the hyperplane.

Unlike many algorithms that rely on the entire dataset, SVM depends primarily on these

support vectors, making it computationally efficient and resilient to irrelevant data

points (Cortes and Vapnik, 1995; Chang and Lin, 2011).

To better understand how SVM functions, it is important to define its fundamental
concepts (Cortes and Vapnik, 1995; Chang and Lin, 2011):

x Hyperplane: A linear decision boundary in the feature space. In two
dimensions, this is a line; in three dimensions, it is a plane; and in higher
dimensions, it becomes a hyperplane. The optimal hyperplane is the one that
maximizes the margin between classes. Mathematically, in the case of linear
classification, it can be expressed as wlx + b = 0, where w represents the
weight vector and b the bias.

x Support Vectors: The most critical data points in the training set that are
closest to the hyperplane. They are the Asupporto of t he
meaning that if these points are removed or moved, the hyperplane would
change.

x  Margin: The distance between the hyperplane and the support vectors. SVM
maximizes this margin to achieve better separation between classes and to
i mprove the classifierds generalization abi
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x Hard Margin: A hard margin SVM attempts to perfectly separate the data
without any misclassification. This is only possible when the data is linearly
separable.

x  Soft Margin: A soft margin SVM introduces slack variables, allowing some
misclassifications but balancing them with margin maximization. This makes
the algorithm more flexible and suitable for noisy or overlapping datasets.

x Kernel Functions: Many real-world datasets are not linearly separable. To
address this, SVM uses kernel functions that transform the original input data
into a higher-dimensional feature space, where linear separation becomes
possible. Common kernels include:

A Linear kernel used when the data is already linearly separable.

A Polynomial kernel allows more complex decision boundaries by
considering polynomial combinations of features.

A Radial Basis Function (RBF) kernel one of the most popular,
enabling the classifier to draw highly non-linear boundaries.

A Sigmoid kernel similar to activation functions in neural networks.

x Regularization Parameter (C): Controls the trade-off between achieving a
wide margin and minimizing classification errors. A high value of C forces the
model to classify every training point correctly (risking overfitting), whereas a
lower C allows more misclassifications but can improve generalization.

x Gamma (2): Determines the influence of a single training example. Low gamma
values mean that each training point has a broader influence, leading to
smoother decision boundaries, while high gamma values produce more
complex boundaries that tightly fit the data.

x Hinge Loss: The loss function used in SVM, penalizing misclassifications and
violations of the margin. It ensures that the model not only separates classes
but does so with confidence.

x Dual Problem and Kernel Trick: Instead of solving the optimization problem
directly, SVM reformulates it into its dual problem using Lagrange multipliers.
This allows the efficient application of the kernel trick, enabling SVMs to
compute in higher-dimensional spaces without explicitly transforming the data.

Support Vector Machines can be applied in two main contexts, depending on the
nature of the data:

A Linear SVM: When the data can be perfectly separated by a straight line
(in two dimensions) or a hyperplane (in higher dimensions), linear SVM is
the most suitable. The algorithm identifies the hyperplane that maximizes
the margin between the classes.

A Non-Linear SVM: In practice, most datasets are not linearly separable. In
these cases, SVM employs kernel functions to project the data into a
higher-dimensional feature space where a linear separator can be found.
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Figure 3.2: Linear (A) vs. non-linear problems (B) (Source: Crespo and Wichert, 2020)

The process of applying SVM to a dataset generally involves the following steps
(Cortes and Vapnik, 1995; Chang and Lin, 2011):

1. Data Preparation: The dataset is first divided into training and testing subsets.
While SVM can operate directly on raw data, it is good practice to conduct
exploratory data analysis (EDA) to detect missing values, outliers, and scaling
issues. Feature scaling is particularly important for SVM, since the algorithm relies
on distances between data points.

2. Model Training: The training data is fed into the SVM algorithm to construct the
decision boundary. Using an appropriate kernel and parameter values, the model
identifies the optimal hyperplane and determines the support vectors.

3. Model Evaluation: The trained model is then tested on unseen data. Performance
is typically measured using metrics such as accuracy, precision, recall, and the F1-
score. These metrics provide a more complete understanding of model
effectiveness, especially in imbalanced datasets.

4. Hyperparameter Tuning: The success of an SVM model often depends on the
careful tuning of hyperparameters such as the kernel type, regularization parameter
(C), and gamma. Techniques like grid search and cross-validation are commonly
used to systematically test combinations of parameters and identify the
configuration that yields the best performance.

In this work, an SVM classifier was implemented using scikit-l ear nés SVC wit hi
preprocessing pipeline (StandardScaler + SVC) to address the multi-class lithological

classification task. A non-linear RBF kernel was adopted (kernel = "rbf"), with

parameters set empirically and kept fixed (C = 10.0, gamma = "scale"). Class

imbalance was addressed via class_weight = "balanced", and the random seed was

fixed (random_state = 42) for reproducibility. The multi-class setting was handled

internally by the library through a one-vs-one scheme.

The input data were provided as multi-band GeoTIFF cubes, where predictor bands
were stacked and the lithology labels were stored as a separate label band. Two
feature configurations were evaluated: a 10-band PCA-transformed cube (PC10) and
a 34-band full feature cube. For both configurations, pixels were flattened into feature
vectors and NoData (class 0) pixels were masked out prior to splitting into training and
validation subsets (80/20, stratified). Feature scaling was applied through a two-step
standardization procedure: an initial per-band z-score normalization at the raster level,
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followed by a StandardScaler within the scikit-learn pipeline fitted on the training
subset.

After training, the model was evaluated on the held-out validation subset using Overall
Accuracy, Coheno6s k apstae, antdmacarnrial/complted Viatthed F 1
Jaccard index. Finally, for full-scene lithological mapping, the SVM model was refit on

all valid labeled pixels and applied to generate a prediction map for the entire raster

extent, which was exported as a GeoTIFF for visualization and further analysis.

3.4 Presentation of the U-Net Architecture

U-Net is a type of neural network mainly used for image segmentation, which means
dividing an image into different patNteg 0t o i de
comes from the shape of its architecture, whic
It is a special type of Convolutional Neural Network (CNN), widely applied in visual

data analysis due to its ability to learn and extract relevant information from images.

U-Net was first proposed in 2015 by Olaf Ronneberger, Philipp Fischer, and Thomas
Brox. Since then, it has become one of the most popular models in medical image
segmentation and other computer vision tasks because of its high accuracy and
robustness.

The U-Net architecture is symmetric and consists of three key parts (Ronneberger,
Fischer and Brox, 2015), as schematically illustrated in Figure 3.3:

1. Contracting Path (Encoder): The encoder captures features while reducing the
spatial dimensions of the input image.
A Uses small filters (313 pixels) to scan the
A Applies the ReLU activation function to introduce non-linearity, helping the
model learn complex patterns.

A Employs max pooling (212 filters) to shrink
information, enabling the network to focus on larger features.
2. Bottleneck: Thisisthecent r al part of the AU, 0 where th

abstract information is stored. It serves as a bridge between the encoder and
decoder.

3. Expansive Path (Decoder): The decoder reconstructs the image resolution while
combining learned features to generate the segmentation map.
A Uses upsampling to increase image size and restore it to the original resolution.
A Employs skip connections to bring spatial information from the encoder to the
decoder.
A Uses convolution layers to refine and clean up the output segmentation map.
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Additional Key Features (Ronneberger, Fischer and Brox, 2015; Siddique et al., 2021):

A Skip Connections: These connect matching layers from the encoder to
the decoder, allowing the network to retain both local and global
information. By merging feature maps from earlier layers with those in the
decoding path, U-Net preserves spatial details and improves segmentation
accuracy.

A Concatenation: Skip connections are implemented via concatenation.
Encoder feature maps are concatenated with the upsampled feature maps
from the decoder, enabling the integration of multi-scale information and
the combination of low-level features with high-level context.

A Fully Convolutional Design: U-Net contains only convolutional layers,
without fully connected layers. This design allows it to handle images of any
size, while preserving spatial information throughout the network.

Core Operations (Ronneberger, Fischer and Brox, 2015):

1. Convolutional Layers
A Apply learnable filters across local receptive fields.
A Extract spatial patterns and fine-grained features.
A Increase feature map depth layer by layer, enabling the network to
learn progressively more complex representations.

2. Activation Function
A After each convolution, the ReLU activation is applied element-wise.
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A This introduces non-linearity, helping the model capture complex inputi
feature relationships.

3. Pooling Layers
A Reduce the spatial dimensions of feature maps.
A Max pooling is commonly used, keeping the most significant values in
non-overlapping regions.
A This down-sampling captures higher-level abstract data while reducing
computation.

The process begins by feeding an input image, typically grayscale, into the network.
The U-Net architecture comprises 23 layers in total and uses a combination of
convolution, up-convolution, pooling, and skip connections. This enables it to both
extract complex features and reconstruct spatial information, ultimately localizing
structures within an image and generating precise segmentation maps.

Although U-Net represents the standard paradigm for end-to-end semantic
segmentation, the deep learning experiments in this thesis were implemented primarily
through transfer learning with pre-trained CNN backbones (VGG19 and ResNet50) in
a patch-based classification setting. In this approach, local patches are classified and
the outputs are projected back to a full-scene lithology map via sliding-window
inference, rather than training a full encoderi decoder segmentation network.

3.5 Variants of the U-Net Architecture: Dense U-Net, Residual U-Net,
Attention U-Net

3.5.1 Dense U-Net

The Dense U-Net is an advanced encoderi decoder architecture that combines the
strengths of the traditional U-Net with the dense connectivity principle introduced in
DenseNet. In this model, each layer in a dense block receives the outputs of all
preceding layers, and its own feature maps are passed to all subsequent layers. This
mechanism, called dense concatenation, ensures maximum feature reuse,
strengthens gradient flow, and allows the network to learn both high signal-to-noise
features and weaker diffraction features effectively (Cai et al., 2020; Wu et al., 2021).

The architecture follows the symmetrical design of U-Net, consisting of a
downsampling (encoder) path and an upsampling (decoder) path, connected via skip
connections that merge shallow detail features with deeper semantic features, as
schematically illustrated in Figure 3.4. To extend the representational capacity of the
original U-Net, the pooling and convolutional operations in the downsampling path are
replaced with dense blocks and transition blocks, creating a deeper and more efficient
network while keeping the number of parameters manageable (Wu et al., 2021).

Conceptually, the Dense U-Net can be divided into three main parts:

A Downsampling path: captures local and contextual features through dense
connections.

A Bottleneck/bridge: links the encoder and decoder while retaining the learned
abstract features.

A Upsampling path: progressively restores spatial resolution and fuses detail
features from the encoder with semantic features from the decoder.
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Dense blocks themselves are composed of convolutional layers combined with batch
normalization and ReLU activation. Unlike ResNet, where identity mappings are added
element-wise, DenseNet and thus Dense U-Net concatenate the outputs channel-
wise, which better preserves feature representations across layers. This design
promotes more efficient feature propagation, reduces redundancy, and allows deeper
models with fewer computations (Siddique et al., 2021).

The adoption of dense blocks in the U-Net framework results in stronger feature
learning, improved training efficiency, and higher segmentation accuracy, especially in
applications where fine detail and subtle distinctions are required, such as medical
imaging ( Siddique et al., 2021; Wu et al., 2021).

3.5.2 Residual U-Net

The Residual U-Net is a variant of the classical U-Net architecture that incorporates
residual learning, originally introduced in the ResNet framework. The motivation
behind ResNet was to address the difficulty of training very deep neural networks.
Although increasing the number of layers theoretically allows a network to learn more
complex representations, in practice, excessively deep networks often suffer from
performance degradation. This degradation arises due to the vanishing gradient
problem, where gradients diminish during backpropagation, leading to ineffective
weight updates and the loss of feature identities in deeper layers (Siddique et al., 2021.

ResNet alleviates this problem by introducing skip (or shortcut) connections, which
pass the feature maps of one layer directly to a deeper layer, where they are added
element-wise to the output of the convolutional block. This mechanism enables more
efficient gradient propagation and preserves feature information, allowing deeper
networks to be trained without performance loss (Siddique et al., 2021).

In the Residual U-Net, this principle is integrated into the U-Net 6 s é&decoded e r
structure. Each convolutional block consists of two convolutional layers, and a skip
connection adds the input of the first convolutional layer to the output of the second.
These residual connections are applied in both the downsampling (encoder) and
upsampling (decoder) paths, before pooling or upsampling operations. By embedding
residual learning into each block, the architecture improves gradient flow, mitigates
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vanishing gradients, and enables the design of deeper U-Net models (Heinrich, Stille
and Buzug, 2018; Siddique et al., 2021).
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Figure 3.5: lllustration of a proposed Res-Unet architecture. (Source: Xiang et al., 2018)

The main intuition is that residual mapping is easier to optimize than direct mapping,
as the network only needs to learn the difference (residual) between the input and the
desired output, as schematically illustrated in Figure 3.5. This enhances training
efficiency, stabilizes convergence, and often improves segmentation performance.

3.5.3 Attention U-net

An important requirement in image segmentation tasks is the ability of a network to

focus on regions of interest while suppressing irrelevant background information. The

AttentionU-Net , introduced by Okt ajyNetdearnmgWhere n 2018 (
to Look for the Pancreaso), integndadtUdNet an att e
architecture to achieve this goal. The central component of this design is the Attention

Gate (AG), which acts as a filter that learns to highlight relevant features while ignoring

non-informative regions of an image (Oktay et al., 2018).

Traditional U-Net relies on skip connections between the encoder and decoder paths
to recover fine spatial details. However, these skip connections also transfer a large
amount of irrelevant low-level features from the early layers, leading to redundancy
and reduced segmentation accuracy. Attention mechanisms address this issue by
selectively passing only the most relevant features to the decoder, allowing the network
to focus on target structures of varying shapes and sizes, as shown in Figure 3.6
(Oktay et al., 2018).

In deep learning, attention can be broadly categorized as hard or soft (Oktay et al.,
2018):

Hard Attention: Highlights one region at a time, typically through cropping or region
proposals. Itis non-differentiable and usually requires reinforcement learning or Monte
Carlo sampling for training, making it less practical for segmentation.

Soft Attention: Assigns continuous weights to different regions of the feature maps,
emphasizing relevant areas while suppressing irrelevant ones. Unlike hard attention,
soft attention is differentiable and can be trained end-to-end using backpropagation,
making it more suitable for convolutional neural networks.

The Attention U-Net employs additive soft attention, which has been shown to provide
higher accuracy in image segmentation tasks.

As shown in Figure 3.7, in the Attention U-Net, each skip connection from the encoder
to the decoder passes through an Attention Gate before concatenation with the

[58]



upsampled decoder features. This ensures that only the most relevant encoder
features are merged with the decoder pathway.
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Figure 3.6: A block diagram of a proposed Attention U-Net segmentation model (Source: Oktay et al.,
2018)

An attention gate operates as follows:

A It takes two inputs: the encoder feature map (x) and a gating signal (g) from a
deeper decoder layer, which contains contextual information.

A Both inputs are linearly transformed (via 1
space.

A The transformed features are added element-wise and passed through a ReLU
activation.

A A 1171 convolution and a e aténtomooefiiciendsdnt i vat i on
the range [0,1].

We:lxlxl
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Figure 3.7: Schematic of a proposed additive attention gate (AG) (Source: Oktay et al., 2018)

These coefficients are upsampled to match the spatial resolution of x and are multiplied
element-wise with x, effectively suppressing irrelevant regions and emphasizing
important features.

Because the attention coefficients are trainable and differentiable, the gates learn
during training which regions to emphasize. This mechanism is computationally
efficient and introduces only a small increase in parameters compared to the plain U-
Net.

[59]



A

CONVOLUTION
BLOCK

DECONVOLUTION
BLOCK

ATTENTION
MODULE

CONV
TRANSPOSE

SOFTMAX

CONVOLUTION

MAX
POOLING

CONCATENATE /
ADD

NN

] BATCH NORM
|

RELU

CONC
e

4..
|

.
N v | 5 = s
__Z‘; ™ ‘% >
I_I_h
| e s .
Attention U-Net
A ——— ¥ —-nen
- ag— N N Y v
1) o Q (]
gl === > | ] >
= —_— »
I~ [
[ = N M
DENSE
BLOCK
Dense U-Net

RESIDUAL
BLOCK

Residual U-Net

Figure 3.8: Summary of the U-Net based architectures compared in this study (Modification by:

3.6 Transfer Learning with Pre-trained Architectures: VGG16, VGG18,
ResNet18, and ResNet50

3.6.1 VGGI16 Architecture

The VGG16 model is a deep convolutional neural network (CNN) architecture
proposed by the Visual Geometry Group (VGG) at the University of Oxford in 2014. It
became one of the most influential architectures in computer vision due to its simplicity,
uniform design, and high accuracy on the ImageNet Large Scale Visual Recognition
Challenge (ILSVRC). Despite being introduced almost a decade ago, it remains widely
used in transfer learning and image classification tasks (Simonyan and Zisserman,

2015).

VGG16 is characterized by its depth of 16 weight layers, including 13 convolutional
layers and 3 fully connected layers, as shown in Figure 3.9. The architecture follows a

Kugelman et al., 2022)

simple and consistent design principle (Simonyan and Zisserman, 2015):
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VGG16 is discussed here as a representative candidate backbone for transfer learning
because of its widely used, well-understood architecture. However, it was not included
in the final experimental evaluation of this thesis. The implemented deep-learning
experiments focused on VGG19 and ResNet50, which were selected for detailed
investigation under the available computational and experimental constraints.

3.6.2 VGGI19 Architecture

The VGG19 model is a deep convolutional neural network (CNN) proposed by the

Visual Geometry Group (VGG) at the University of Oxford, introduced in the 2014

paper AVery Deep Corforbarge-$¢ @aheal | NegewoRksogni ti
Karen Simonyan and Andrew Zisserman. Along with VGG16, it was one of the most

influential models in the 2014 ImageNet Large Scale Visual Recognition Challenge

(ILSVRC), where it achieved outstanding performance in large-scale image

classification tasks, demonstrating that increasing depth through repeated stacks of

small convolution filters can substantially improve image recognition performance.

Before VGG, earlier CNN architectures such as LeNet-5 (1990s) and AlexNet (2012)
laid the groundwork for deep learning in computer vision. AlexNet demonstrated the
potential of deeper networks and GPU acceleration, leading to renewed interest in
CNNs. Building on these advances, VGG systematically investigated how stacking
more convolutional layers affects classification accuracy, while maintaining a simple
and uniform design.

VGG19 is a 19-layer deep network, consisting of 16 convolutional layers followed by

and 3 fully connected layers. The architecture is characterized by its simplicity and
regularity: it uses 313 convoluti onpodlinglters ( si
layers for downsampling (Simonyan and Zisserman, 2015). Convolutional layers

capture local spatial patterns, RelLU activations introduce non-linearity, pooling

reduces spatial resolution while retaining salient features, and the final fully connected

layers produce class scores that are converted to probabilities via a softmax function,

as schematically illustrated in Figure 3.10.

In its original configuration, VGG19 accepts RGB images of si ze 224122413 an
outputs probabilities over 1000 ImageNet categories. The model contains
approximately 143 million parameters, which makes training from scratch
computationally demanding. For this reason, VGG19 is most commonly used through
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transfer learning, where ImageNet-pretrained weights provide a strong initialization for
downstream tasks in domains such as remote sensing and medical imaging.
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Figure 3.10: Schematic illustration of the original VGG19 architecture. (Source: Al-Arashi et al., 2024)

In this thesis, VGG19 was employed as a patch-based classifier through transfer
learning to perform multi-class lithological mapping. Instead of RGB imagery, the
model was adapted to multi-channel remote sensing inputs by replacing the first
convolutional layer of the pre-trained network to accept C-band tensors, where C
corresponds either to the 10-channel PCA representation (PC10) or the 34-channel
full feature cube that preserves all original spectral, radar, and texture-derived bands.
The remaining convolutional blocks were initialized with ImageNet-pretrained weights,
and the classification head was modified to output logits for the lithology classes
present in the study area.

Training samples were generated by extracting fixed-s i ze patches (321 32)
on valid labeled pixels; each patch was assigned the lithology label of its central pixel.

Input channels were normalized per band using z-score standardization, and the

dataset was split into training and validation subsets (80/20). The network was fine-

tuned usingcross-ent ropy | oss and the Adam wpfprtai mi zer
fixed number of epochs. Model performance was evaluated on the validation set using

standard classification metrics, while lithology maps were produced by applying the

trained model across the raster extent and exporting the resulting predictions as

GeoTIFFs.

In addition to the predicted lithology class, softmax probabilities were used to derive a
per-pixel confidence score and a normalized entropy map to highlight spatially
uncertain regions. These uncertainty layers support interpretation by delineating areas
where class assignments are less reliable, commonly occurring near complex
lithological boundaries or among spectrally similar units.
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3.6.3 ResNet18 Architecture

The ResNet18 model is part of the Residual Network (ResNet) family introduced by

He et al. in the |l andmark 2015 paper fADeep Resi
ResNets were designed to address the vanishing gradient problem, a major obstacle

in training very deep neural networks. ResNet introduced residual learning through

skip connections, making it possible to train networks with hundreds or even thousands

of layers (He et al., 2015).

The core building unit of ResNet is the residual block, where the network learns a

residual function relative to its input rather than a direct mapping. In practice, the block

output is computed as the sum of the transformed features and the original input via a

shortcut connection. This formulation facilitates gradient propagation and enables

deeper architectures to be trained more reliably (He et al., 2015). A typical residual

block in ResNetl18 consists of two 313 convol ut
normalization and ReLU activation, along with a shortcut connection, as illustrated in

Figure 3.11. When the input and output dimensions match, the shortcut is an identity

mapping; when di mensions differ, the shortcut
to align feature-map dimensions before addition.
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Figure 3.11: Original ResNet-18 Architecture (Source: Carreras et al., 2025)

ResNet18 is presented here as a representative candidate transfer-learning backbone
due to its efficient residual design and widespread use in computer vision. However, it
was not included in the final experimental evaluation of this thesis. The implemented
deep-learning experiments focused on VGG19 and ResNet50, which were selected

for detailed i nvestigation under t he study®6
constraints.

3.6.4 ResNet50 Architecture

The ResNet50 model is a deep convolutional neural network introduced by He et al. in

their influential 2015 paper fnADeep(Hdetat,i dual Le.
2015). It is a member of the Residual Network (ResNet) family and was designed to

address optimization difficulties in deep neural networks by introducing residual

learning through skip connections. These identity shortcuts enable more stable

gradient propagation and allow very deep networks to be trained effectively.
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ResNet50 Model Architecture
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Figure 3.12: Original ResNet-18 Architecture (Source: He et al., 2015)

Unlike smaller variants such as ResNet18 or ResNet34, ResNet50 uses the bottleneck

residual block, which consists of three convolutional layers (He et al., 2015): a 11 1
convolution that reducesdi mensi onal ity, a 313 convolution f
a 111 convolution that restores dimensionality
maintaining representational power, enabling deeper networks without excessive

parameter growth.

In the standard ImageNet configuration, ResNet50 comprises, as shown in Figure 3.12
(He et al., 2015):

1. Initial layers: 7 1 7 convolution (64 filters, stride
activation, and 313 max pooling (stride 2).

2. Residual stages (Conv2_x to Conv5_x): bottleneck blocks arranged as 3, 4,
6, and 3 blocks, with downsampling applied at the beginning of stages.

3. Final layers: global average pooling followed by a fully connected layer
producing 1000 logits and a softmax function for ImageNet class probabilities.

ResNet50 demonstrated that very deep CNNs can be trained effectively and
established residual learning as a foundational technique in modern deep learning.

In this thesis, ResNet50 was employed via transfer learning as a patch-based classifier
for multi-class lithological mapping. A pre-trained ResNet50 model with ImageNet
weights was adapted to multi-channel remote sensing inputs by replacing the first
convolutional layer (convl) to accept C input channels. Two feature configurations
were evaluated using the same approach: C = 10 for the PCA-based representation
(PC10) and C = 34 for the full feature cube preserving all spectral, radar, and texture-
derived bands. In addition, the final fully connected layer (fc) was replaced with a new
classification head matching the number of lithological classes in the study area.

Training samples were generated by extracting
labeled pixels, each patch was assigned the lithology class of its central pixel. Input
preprocessing included per-band z-score normalization. The dataset was split into
training and validation subsets (80/20) using a random split, and the network was fine-

tuned usingcross-ent ropy | oss and the Adamuwpfgdd mi zer (|
epochs. Model performance on the validation set was assessed using a classification
report (precision, recal, and Fl-s cor e) , al ong with overall accu.l

and mean loU computed via the Jaccard index.

To generate full-scene lithology maps, the trained model was applied in a sliding-
window manner across the raster extent. The input cube was reflect-padded to enable
patch extraction near borders, and predictions were produced for all valid (non-
NoData) pixels. The resulting class assignments were assembled into a continuous
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georeferenced lithology map and exported as a single-band GeoTIFF aligned with the
original dataset and preserving NoData values.

In addition to the predicted class map, softmax probabilities were used to derive pixel-
wise uncertainty measures: a confidence map defined as the maximum softmax
probability and a normalized entropy map (entropy divided by log(C)) to indicate
relative uncertainty on a 07 1 scale. These layers support qualitative assessment of
where the model is less certain, commonly around complex contacts and spectrally
similar lithological units.

3.7 Digital Tools and Cloud Computing Platforms (Google Earth Engine,
Kaggle, ArcGIS Pro, QGIS)

3.7.1 Google Earth Engine

Google Earth Engine (GEE) is a cloud-based platform designed for large-scale
geospatial analysis and visualization. Developed by Google, it provides access to high-
performance computing resources and an extensive catalog of remote sensing and
geospatial datasets. Its main objective is to enable the scientific community, policy
makers, non-governmental organizations (NGOs), and other users to perform
advanced analyses of the Earthdés surfa
typically associated with managing massive datasets or maintaining local high-
performance computing infrastructure (Gorelick et al., 2017).

A key feature of GEE is its multi-petabyte public data catalog, which hosts a vast
collection of satellite imagery and other geospatial datasets. This includes historical
archives spanning more than forty years, such as the complete Landsat archive, as
well as data from more recent missions like Sentinel-1 and Sentinel-2. The catalog
also contains environmental, climatic, topographic, land cover, and socio-economic
datasets, which are continuously updated with thousands of new scenes per day.
Importantly, all data are stored in an analysis-ready format, eliminating many of the
preprocessing and management challenges faced in conventional workflows. Users
can also upload their own raster or vector datasets, either for private analysis or for
sharing with collaborators.

From a computational perspective, GEE offers planetary-scale analysis capabilities.
Its architecture is based on intrinsically parallel processing systems that automatically

di stribute and subdivide | arge computations

approach ensures that analyses, even when applied to global datasets, can be
performed in a time-efficient manner. The platform is accessed through an internet-
based Application Programming Interface (API) and a web-based Integrated
Development Environment (IDE), which allow rapid prototyping, scripting, and
visualization of results. This design makes it accessible not only to experienced remote
sensing scientists, but also to a wider audience who may lack specialized programming
or data management expertise (Gorelick et al., 2017).

Algorithms, workflows, and applications developed within the platform can be easily
shared with other researchers, decision-makers, or the public. This has facilitated the
development of interactive web applications and systematic data products that address
a wide range of societal challenges, including deforestation monitoring, drought
assessment, agricultural productivity, disaster response, disease tracking, water
management, climate change monitoring, and environmental protection.

Its versatility makes it a critical tool in fields such as land cover mapping, climate
studies, precision agriculture, urban planning, and biodiversity conservation. Case
studies from around the world highlight its impact, demonstrating how access to both
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global datasets and powerful computational tools can accelerate scientific discovery
and inform evidence-based decision-making (Gorelick et al., 2017).

GEE serves as the central environment for data integration, preprocessing, and feature
engineering in this study. Within this framework, a harmonized multi-sensor dataset
was assembled, combining optical, radar, and topographic variables on a common
spatial grid. Specifically, time-series stacks of Sentinel-2 Level-2A surface reflectance
imagery and Sentinel-1 C-band VV/VH backscatter data were co-registered and
resampled to a unified resolution. Cloud- and shadow-masked Sentinel-2 composites
were generated using Level-2A Scene Classification Layers (SCL) to ensure optimal
radiometric quality.

From Sentinel-2 data, a range of lithology-oriented spectral indices and band ratios
were derived, including the Normalized Difference Vegetation Index (NDVI),
Normalized Difference Water Index (NDWI), Normalized Burn Ratio (NBR), and
proxies for iron-oxide, clay, and hydrothermal alteration minerals using VNIRT SWIR
combinations (e.g., B2i B12 ratios). These indices enhance lithological discrimination
by emphasizing spectral contrasts related to mineralogy, vegetation cover, and surface
oxidation.

Radar-based features were extracted from Sentinel-1 dual-polarized backscatter (VV,
VH). Speckle-filtering and terrain correction were applied to minimize noise and
geometric distortion. From these, backscatter ratios, coherence, and texture metrics
were computed to capture spatial patterns associated with surface roughness,
moisture content, and structural variability of the terrain.

In addition, morphometric variables were derived from a digital elevation model (DEM),
such as slope, aspect, curvature, topographic position index (TPI), and surface
roughness. Texture features were also computed on selected optical and radar bands
using gray-level co-occurrence matrices (GLCM), providing complementary
information on local spatial variability.

All optical, radar, and topographic features were stacked in Google Earth Engine into
a unified, analysis-ready multi-band raster (34-band feature cube) at 30 m spatial
resolution on a common spatial grid and projection. Diagnostic outputs (scree plot, PC
composites, and loading visualizations) were also generated to document the variance
distribution and feature contributions across principal components. This cube
constitutes the core input dataset for the supervised learning stage, ensuring that each
pixel is represented by a consistent, co-registered set of spectral, radar, and
morphometric attributes suitable for lithological mapping.

3.7.2 Kaggle

Kaggle is one of the most widely used online platforms for data science and machine
learning. Kaggle has grown into a global community of data scientists, analysts, and
machine learning practitioners. Its primary role is to provide online environment where
users can access datasets, collaborate on data-driven projects, and participate in
competitions that focus on solving real-world problems using advanced data analysis
and predictive modeling techniques.

One of Kagglebds most di st i nconmpetition envimranent.
Organizations and research groups can host competitions by providing a dataset and
a well-defined problem statement. Participants then compete to develop the most
accurate or efficient predictive models.

In addition to competitions, Kaggle functions as a data repository and collaboration
hub. Users can easily search for, download, and publish datasets on the platform.
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Many of these datasets are open and publicly available, ranging from structured tabular
data to large-scale image and text corpora.

Another central component of the platform is Kaggle Notebooks (formerly known as
Kernels), which provides a free, browser-based integrated development environment
(IDE) specifically designed for data science. Within this environment, users can write
and execute code in popular programming languages such as Python and R, leverage
widely used machine learning libraries and run analyses directly in the cloud. The
infrastructure supports CPUs, GPUs, and even TPUs, allowing participants to train
computationally intensive models without the need for specialized local hardware. This
has made Kaggle an attractive option for both learners and professionals who want to
experiment with modern machine learning technigues in a cost-effective way.

The Kaggle platform serves as the primary computational environment for the
implementation, training, and evaluation of the deep-learning models developed in this
study. Following the data preparation stage in Google Earth Engine, the exported
analysis-ready feature cube, comprising optical, radar, and topographic variables, is
imported into Kaggle for model training and inference. Within this environment, a
complete end-to-end modeling pipeline is established, encompassing data ingestion,
preprocessing, model configuration, training, validation, and result visualization. All

experiments were executed using Kaggl eds

enabling efficient fine-tuning and inference over the study area.

In addition to the full 34-band feature cube, a dimensionality-reduced input
configuration was generated in Kaggle by applying Principal Component Analysis
(PCA) to the exported multi-band GeoTIFF. The raster was reshaped into a pixel-wise
feature matrix and transformed into a 10-component representation (PC10). The
resulting PC10 cube was exported as a GeoTIFF and used alongside the full feature
cube for comparative model training and evaluation.

Deep convolutional neural network architectures, specifically VGG19, and ResNet50,
are implemented using PyTorch to predict lithological classes from the multi-sensor
input features. The models are designed to integrate information from Sentinel-1 radar
backscatter, Sentinel-2 optical composites, and DEM-derived morphometric and
texture features, thereby capturing complementary spectral, structural, and
topographic characteristics of the terrain.

Each model is trained on stratified 321 32

of the study area. Model performance is quantitatively assessed using standard
classification metrics (precision, recall, F1-score, etc.) computed per lithological class
against the ground truth. Validation is conducted using an 80/20 traini validation split
to ensure balanced and unbiased evaluation across lithological categories.

3.7.3 ArcGIS Pro

ArcGIS Pro is a professional desktop Geographic Information System (GIS)
environment used for the visualization, editing, management, and analysis of spatial
data. It supports both raster and vector datasets and provides tools for map
composition, coordinate reference system (CRS) handling, attribute management, and
spatial analysis. In addition, it offers a consistent workflow for integrating
heterogeneous spatial layers (e.g., satellite-derived rasters, DEM products, geological
polygons) within a common cartographic framework.

In this study, ArcGIS Pro was used primarily for post-processing, quality control, and
cartographic production of the mapping outputs generated in the machine learning
stage. The lithology prediction products exported from the Kaggle environment as
GeoTIFF rasters (class maps for the PC10 and the 34-band configurations) were
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imported into ArcGIS Pro and inspected in relation to the reference geological
information. The software was used to ensure that all datasets were correctly aligned
in terms of projection, spatial resolution, and extent, and that NoData areas were
handled consistently across outputs.

ArcGIS Pro was also used for the interpretation-oriented visualization of model
outputs. In particular, the predicted lithology rasters were displayed with a
standardized categorical symbology matching the lithological legend used in the
thesis. Where available, auxiliary layers (e.g., hillshade, slope, aspect, and other DEM-
derived rasters) were used to facilitate geomorphological context during interpretation.

A key component of the workflow was the visualization of spatial uncertainty products
derived from the deep-learning models. Confidence maps (maximum softmax
probability) and normalized entropy rasters were loaded as continuous layers and
examined jointly with the lithology predictions. These layers were used to identify
zones of increased uncertainty, which typically coincide with complex contacts,
transition areas between spectrally similar lithologies, or locations affected by mixed
pixels and local heterogeneity.

Finally, ArcGIS Pro was used for the preparation of final map layouts. This included
the construction of consistent map elements (legend, scale bar, north arrow,
coordinate grid, and annotations). Overall, ArcGIS Pro functioned as the main
environment for integrating the machine-learning outputs with the geological reference
information and producing the final cartographic products presented in this thesis.
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Chapter 4% 1 Application of the Methodology

4.1 Selection and Description of the Study Area
4.1.1 Geographic Characteristics

The study area encompasses the regions of Agnanta and Pramanta, which are
administratively part of the Region of Epirus, within the Regional Units of Arta and
loannina.

This area includes substantial section of the Athamanika Mountains, commonly known
as the Tzoumerka range, as shown in Figure 4.1. The Athamanika Mountains
constitute a prominent mountainous massif of the Central Pindus, forming a natural
boundary between the regions of Epirus and Thessaly. The broader landscape is
characterized by the gorges of the Arachthos and Kalarrytikos rivers, traditional
settlements, steep cliff formations, and extensive fir forests that extend up to the barren
alpine zone, as illustrated in Figure 4.2. The abundance of running water accounts for
the dense vegetation that is prevalent throughout the region. The topographic
variability of the wider area exhibits pronounced diversity, with physiographic
formations that display particular interest.

Figure 4.1: Study area with satellite background (Source: Maxar)
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4.1.2 Climatological Characteristics

Due to its geographical location and the complex topography of its terrain, the Region
of Epirus exhibits a diverse range of climatic conditions. Epirus is characterized by a
typical Mediterranean climate, with mild and humid winters and warm, dry summers.

A concise analysis of the climate within the study area is presented below, based on
data from the Hellenic National Meteorological Service (HNMS) stations in Arta and
loannina, representing mean values for the reference periods 19761 2010 and 195671
2010, respectively.

Mean monthly temperatures range from a
July and August. Maxi mum temperatures
while minimum values remain relatively mild. Spring and autumn are characterized by
gradual transitions with pleasant temperatures. Overall, the study area experiences
warm summers and mild to occasionally severe winters, influenced by the incursion of
cold northern air masses.

Relative humidity throughout the year varies between approximately 50% and 85%.
Higher humidity levels are recorded during the autumn and winter months, which can
be attributed to the increased precipitation observed during this period.

The mean annual precipitation reaches approximately 1,100 mm, with the highest
rainfall occurring during the winter months. Precipitation is more intense in autumn and
winter, while the summer months are generally drier, though rainy days are still
relatively frequent throughout the year.

In the study area, the mean wind speed is about 2 m/s. Wind intensity decreases
significantly from March to August, when the lowest speeds are recorded. Overall, the
winds can be characterized as very weak to nearly calm. Wind direction in Arta is
predominantly from the northeast throughout the year, whereas in loannina, westerly
winds prevail from March to September, shifting to southeasterly directions during the
remaining months.

4.1.3 Geomorphological features

The Region of Epirus is among the most mountainous regions of Greece. Mountainous
areas occupy approximately 75% of their total surface area, semi-mountainous areas
about 15%, while lowland zones account for only 10%, as shown in Figure 4.3.

The Athamanika Mountains constitute one of the largest mountain massifs in Greece.
It is an elongated mountain range extending from north to south over a distance of
approximately 30 km, along the borders of the Regional Units of loannina, Arta, and

pproxi ma

exceed

Trikala. Thetotalar ea of t he At hamani ka range covers ar

In the north, the massif is separated from the Peristera range by the Baros pass and
the streams of Negri and Kalarrytikos, to the west, the valley of the Arachthos River
divides it from the Xerovouni massif, to the east, it is bounded by the Acheloos River,
and to the south, it descends toward the plain of Arta. The mountain range is divided
into two main sections by the Melissourgiotikos River: the northern part, known as
Kakarditsa, situated along the boundary between loannina and Trikala, and the
southern part, known as the main Tzoumerka range, most of which lies within the
Regional Unit of Arta.

The highest peaks of the northern section include Kakarditsa (2,429 m), Katarachias
(2,280 m), Chilia Exintﬁ (2,253 m), Tsouma Plastari (2,191 m), Kryakouras (2,100 m),
Katafl gi (2,098 m), and Variko (2,007
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summits are Katafidi (2,393 m), Gerakovouni (2,211 m), Strouggoula (2,143 m),
Agkathi (2,080 m), and Tsouma Kati (2,067 m).

A dense hydrographic network of springs and small rivers traverses the area, forming
numerous waterfalls that ultimately discharge into the Arachthos and Acheloos Rivers.
Other important streams originating from the higher altitudes include the
Melissourgiotikos, = Matsoukiotikos, Krymmeno Potami, Kranias, Chistras,
Moutsaritikos, Kalentinis, Souda, and Mouzakitikos streams. Among the most
impressive waterfalls of the mountain range are those of Theodoriana, Melissourgoi,
and the twin waterfalls of Kryopigi. On the eastern slopes of the mountain lie the
extensive plateaus of Kostelata, among the most historically significant pastoral
landscapes in Greece.

4.1.4 Vegetation Characteristics

In the past, the Tzoumerka Mountains were covered by dense forests however, over
the years, they have undergone significant deforestation as a result of extensive
logging and pastoral activities. At lower elevations and within the gorges, the
vegetation is dominated by Mediterranean evergreen and sclerophyllous species such
as Quercus coccifera, Quercus ilex, Phillyrea latifolia, Arbutus unedo, Cercis
siliquastrum, Paliurus spina-christi, and Laurus nobilis. At higher altitudes, mixed
deciduous forests appear, consisting of Carpinus orientalis, Fraxinus ornus, Acer spp.,
Quercus spp., Ostrya carpinifolia, Castanea sativa, and Fagus sylvatica.

Along streams and riverbanks, the riparian vegetation is composed mainly of Platanus
orientalis, Salix spp., and Alnus glutinosa. At slightly higher elevations, coniferous
forests dominate, primarily Abies borisii-regis and Pinus nigra. Beyond the forest
boundary, the landscape transitions into extensive alpine plateaus covered by steppe-
like grasslands and subalpine meadows, as allustraed in Figure 4.4. Overall, more than
500 plant species have been recorded in the Tzoumerka region however, it is believed
that many more species are present, as the area has not yet been thoroughly studied
botanically.
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4.1.5 Geological Characteristics

The geotectonic structure of Epirus consists of the following zones:

lonian Zone: It occupies the largest part of Epirus and is characterized as a continental
basin with hemipelagic and pelagic sedimentation. From a paleogeographic point of
view, it is subdivided into three subzones: the internal (eastern), the axial
(intermediate), and the external (western). Its tectonics are characterized by a series
of successive large anticlines and synclines that are thrust and imbricated westwards,
overriding one another. The axes of these major anticlines and synclines generally
trend NWi SE, whereas farther south they bend and become NNWi SSE and NNET
SSW. The formations composing the geological structure of the lonian Zone are
grouped into three main stratigraphic units: the lower, middle, and upper. The lower
stratigraphic unit consists of evaporites with gypsum and halite and Triassic calcareous
breccias. The middle unit consists of limestone formations that at their base include
massive thick-bedded limestones, which upward evolve into thin-bedded limestones
with cherts. The carbonate succession is interrupted by horizons of cherts and shales
with Posidonia. Finally, in the uppermost levels, flysch occurs with sandstones,
siltstones, and locally conglomerates. The stratigraphic succession is completed by
Neogene and Quaternary formations.

Pindos Zone: It occurs in the eastern parts of Epirus (Athamanika
Mountains/Tzoumerka, Lakmos) and is characterized as a deep trough that developed
between the structural highs of the Pelagonian and Gavrovo zones. It displays major
alternations in sedimentation (carbonate, siliceous, clastic). Paleogeographically, it is
subdivided into three subzones: the Supra-Pindos (eastern), the axial (intermediate),
and the external (western). From a tectonic perspective, the Pindos Zone appears as
a tectonic nappe thrust over the lonian Zone. The tectonic slices are thrust one over
another from east to west, with axes trending Ni S to NNWi SSE. Characteristic
tectonic structures include the mountainous massifs of Tzoumerka and Peristeri. The
stratigraphic organization of the Pindos Zone includes: Triassic clastic formations,
alternations of carbonatei siliceous formations, transitional Maastrichtiani Paleocene
beds, and Upper Eocene flysch.

Ophiolitic complex: It is located in the northern and eastern part of the Aoos basin.
The ophiolites form the main mass of Mavrovouni, Smolikas, and Grammos and occur
thrust over the tectonic nappes of the Pindos Zone. They are probably Jurassic in age
and are predominantly ultrabasic in character.

Formations of the Mesohellenic trough: They occur in the Sarantaporos sub-basin
with sandstones, polymict conglomerates, and marls, and represent post-orogenic
sediments of molassic type (Oligocenei Miocene).

Gavrovo Zone: It appears in the southeastern part of the Valtos mountains. The
Gavrovo Zone occupies a small area within Epirus, in the Valtos mountains.
Paleogeographically, this zone is characterized as a structural high that experienced
continuous neritic sedimentation. Tectonically, the unit as a whole forms an anticline
with a NNWi SSE axis. Stratigraphically, in the Epirus area the Gavrovo Zone is
represented by two units: the carbonate formations of the Gavrovo massif and the
flysch, on the eastern slopes of the Valtos mountains.

Geological characteristics of the training area

The model training area, cogeelsp@indalngsh®et hei
in the central part of Epirus and covers parts of the Athamanika Mountains
(Tzoumerka) and the Arachthos basin. The area is of particular geological interest
because, within a relatively small extent, multiple geotectonic zones of Western
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Greece are present: the lonian Zone (central and internal), the Gavrovo Zone, and the
Pindos Zone. The presence of these zones, with different lithological and tectonic
properties, creates a complex and representative setting, ideal for remote sensing
analysis and for training deep-learning models for geological mapping, as shown in
Figure 4.5. This diversity of geotectonic conditions makes the area particularly suitable
for remote-sensing-based training, as it provides clear differences in mineralogical
composition, morphology, and spectral signature of the formations.

The Agnanta area lies within the western part of the Pindos orogenic belt, where
sedimentary sequences from the Late Triassic to the Quaternary are developed. The
formations of the area were deposited in marine environments and subsequently
underwent tectonic deformation and uplift during the Alpine orogeny.

The lonian Zone, which dominates most of the area, consists of thick sedimentary
series with predominant formations of limestones, marls, and flysch, whereas the
Gavrovo Zone is represented by thick-bedded reefal limestones. Further east, the
Pindos Zone includes pelagic sediments of deeper marine origin and radiolarites,
associated with flysch of post-orogenic age.

Lithostratigraphic framework

Quaternary
The youngest formations of the area consist of:

A Modern valley alluvium (al), composed of coarse to mixed-grain materials
deposited by active hydrological processes.

A Modern (scl1) and older scree deposits (sc2), derived from weathered slope
material and torrential deposits.

A Old terraces (c), of torrential origin, composed of materials of the Gavrovo unit
and the Athamanika Mountains (Tzoumerka), continuing from the cohesive old
scree deposits.

A Glacial moraines (MG), representing glacial deposits of colder climatic
phases.

lonian Zone

The lonian Zone occurs in the area with two subzones (central and internal) and
includes sedimentary sequences ranging from the Upper Eocene to the Lower
Senonian.

A Undivided Flysch (Fi): alternation of coarse-grained sandstones with foliated
micas and silty clays with low mica content (Age: Upper Eocenei Aquitanian).

A Flysch (Internal subzone), consisting of:

- River Marls (3Fi ms - st - sk): silty clayey marls, dark bluish-grey, with
thin sandy interbeds of marly flysch, with a shiny appearance and
numerous calcitic veinlets. (Thickness ~1800 m / Age: Aquitanian)

- Distrato Formation (3Fi Ss- st): rhythmic, monotonous flysch formation
with alternation of beds of fine-grained sandstones and cohesive silty clay-
marl with mica flakes. It ends with a sandstone cornice. (Thickness ~2100
m, decreasing northwards to 13007 1500 m / Age: Oligocenei Aquitanian)

- Anemorachi Sandstone (3Fi S2): fine- to coarse-grained sandstones,
locally micro-brecciated, in thick beds. (Thickness 10071150 m / Age:
Oligocene)
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- Arachthos Marls (1-3Fi mi): clayey silty marls with mica flakes and
intercalations of thin sandy trapezoidal beds. (Thickness: 670 m in the
south i 300 m in the north / Age: Eocenei Oligocene)

- Peta Sandstone (1-3Fi Si): typical sandy flysch with regular alternation of
fine-grained to micro-conglomeratic micaceous sandstones and marly silty
clays, brown to greenish-grey. (Thickness: 1350 m in the south i
decreasing northwards to 500 m / Age: Upper Eocene)

A Undivided Flysch (1-3Fi S): alternations of fine- to coarse-grained sandstones
and cohesive marls form a sandstonei marl flysch. (Thickness: ~300 m / Age:
Upper Eocenei Oligocene)

A Limestones (e): sublithographic in thin beds, locally micro-brecciated.
(Thickness: ~3007 400 m / Age: Paleocenei Upper Eocene)

A Limestones (Kss): micro-brecciated, unbedded, with Rudist fragments and
pelagic limestones with Globotruncanidae. (Thickness ~300 m / Age: Upper
Senonian)

A Vigla Limestones (Js-K8i - D): locally extensively dolomitized. In the
Xerovouni area, a massive dolomite 7001 800 m thick is observed with a
silicified zone at the base; it grades upward into limestones with Radiolaria and
chert interbeds. (Total thickness: ~850i 900 m / Age: Upper Jurassici Lower
Senonian)

Gavrovo Zone

The Gavrovo Zone occurs in the southwestern part of the Agnanta sheet and consists
of:

A Flysch (FT), undivided, locally transgressive (Age: Eocenei Oligocene)

A Limestones (e): brecciated, sublithographic, light grey, and thin-bedded. The
Eocene is strongly reduced (201 50 m) and locally absent, so that the flysch is
deposited transgressively on the Cretaceous. (Age: Paleocenei Upper Eocene)

A Limestones (T): micro-brecciated to nodular, white to pale yellow, in thick
massive beds, with Rudists and Nerineae; they represent the reefal facies
characteristic of the Gavrovo Zone. The Upper Senonian is often not separated
and locally absent due to erosion. (Age: Cretaceous)

Pindos Zone
The Pindos Zone is represented by the following sedimentary succession:

A Flysch of sandstonei marl type (Fo): alternations of sandstones and
marls. During the Maastrichtian deposition begins with the first marly or
sandy beds ~50 m thick alternating with pelagic limestones, and continues
into the Eocene. (Age: Maastrichtiani Eocene)

A Pelagic limestones (Ks): slabs of pelagic limestones with cherts about 10
cm thick and interbeds of micro-brecciated limestones in thicker benches
with Rudist fragments. (Thickness: ~500 m / Age: Upper Cretaceous)

A Limestones (Fs4): micro-brecciated, pink limestones with quartz,
radiolarite and ophiolite fragments, with interbeds of pelagic limestones with
cherts and red marls with Radiolaria. (Thickness: 20i 30 m / Age: Lower
Cretaceous (Barremiani Aptian))
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A Flysch: flysch with interbeds of red marls with Radiolaria. (Thickness: ~50
m / Age: Lower Cretaceous (Barremiani Aptian))

A Radiolarites (J-Ki): varicolored radiolarites (red, green, etc.), pure in the
intermediate part of the formation, with interbeds of pelagic limestones with
Radiolaria at the base and the top. They often contain nodules or beds of
manganese or are enriched in it, as well as benches of micro-brecciated
limestones. (Thickness: ~250i1 400 m / Age: Jurassici Lower Cretaceous)

A Limestones (ts): grey limestones with jasper, with interbeds of greenish
marls. Locally, lenticular interbeds of nodular, sometimes oolitic limestones
with unidentifiable algae occur. (Thickness: ~150 m / Age: Upper Triassic)

A Augitic andesite, spilites, volcanic rocks (ab): occur on the western side
of the Pindos trough, in the Tzoumerka area (Neni locality), corresponding
to a smaller-scale development compared to the ophiolites of the
Subpelagonian zone.

Geological characteristics of the target area

Thetargetar ea corresponds to the APramantao geol ogi
of Greece (IGME, scale 1:50,000) and is located in the central part of Epirus, covering

parts of the Athamanika Mountains (Tzoumerka) and the drainage basin of the

Arachthos River. The area is characterized by strongly mountainous relief, deeply

incised valleys, and significant elevation variations, which are directly controlled by the

geological structure and lithological differentiation.

Geotectonically, the target area includes parts of three major zones of Western
Greece: the lonian Zone (internal), the Gavrovo Zone, and the Pindos Zone. The
contact and overlap of these zones create a complex geological environment with
intense tectonic deformation, thrusting, and folding, resulting from the Alpine orogeny.

The stratigraphic succession of the area ranges from the Upper Triassic to the
Quaternary. In the more eastern parts, formations of the Pindos Zone dominate, such
as the pelagic, thin-bedded Vigla limestones with cherts or jasper interbeds (Jurassici
Lower Senonian), Jurassici Lower Cretaceous radiolarites, as well as transitional and
typical flysch formations. These units represent deeper marine depositional
environments and show strong tectonic deformation.

Toward the west, formations of the Gavrovo Zone and the lonian Zone develop,
dominated by brecciated and massive Upper Cretaceous and Paleogene limestones,
as well as extensive occurrences of flysch of sandstonei marl and transitional types.
The carbonate formations form pronounced relief and steep landforms, whereas the
flysch formations correspond to gentler morphological sectors and valley areas.

At lower elevations and along the main watercourses, extensive Quaternary deposits
occur, such as modern alluvial sediments, older scree deposits, river terraces, and
glacial deposits at higher elevations. These deposits record the recent
geomorphological evolution of the area and contribute to differentiation of the spectral
and morphological character of the landscape.

The coexistence of multiple geotectonic zones, the great lithological diversity, strong
morphological contrasts, and the presence of both older Alpine formations and
younger Quaternary deposits make the target area highly representative and suitable
for remote sensing applications, as shown in Figure 4.5. Differences in lithology,
structure, and morphology create clear and distinct spectral patterns, which are ideal
for training and evaluating machine-learning and deep-learning models for geological
mapping.
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In the Pramanta sheet the flysch is largely shown as an undivided unit, whereas in the
Agnanda sheet the same formations are subdivided into several lithostratigraphic units
with finer boundaries.

Lithostratigraphic framework

Quaternary

The youngest formations of the area consist of:

Alluvium

A Modern alluvial deposits (al)

A Recent active scree deposits on slopes (al sc)

Diluvium

A
A
A

)>\

A

Terraces at 5 m elevation (dl sc)

Terraces at 20 m elevation (dl c1)

Old, stabilized scree deposits (dl c2)

Deposits of the younger glacial phase (MG1), developed at elevations
above 1900m.( Age: W¢r m)

Deposits of the older glacial phase (MG2), descending to elevations of
approximately 1400 m. (Age: Riss)

Pindos Zone

The Pindos Zone is represented by the following sedimentary succession:

A

Flysch of sandstonei marl type (Fo): alternations of sandstones and
marls, with intercalations of pelagic limestones mainly in the lower parts.
Deposition begins during the Maastrichtian, when the first marly or sandy
beds ~50 m thick alternate with pelagic limestones, and continues into the
Eocene. (Thickness: >1000 m / Age: Maastrichtiani Eocene)

Pelagic limestones (Kgk ): platy pelagic limestones, in slabs about 10 cm
thick, with cherts. They show interbeds of micro-brecciated limestones in
thicker beds with Rudist fragments. The formation develops mainly in the
lower part of the series and is overlain upward by massive brecciated
limestones. (Thickness: 5001 700 m / Age: Upper Cretaceous)

Limestones (X34 k): micro-brecciated, pink limestones with quartz,
radiolarite fragments, and ophiolitic fragments, with interbeds of pelagic
limestones with cherts and red marls with Radiolaria. (Thickness: 207 30 m
/ Age: Lower Cretaceous (Barremiani Aptian))

Flysch: sandstonei marl flysch with interbeds of red marls with Radiolaria.
(Thickness: ~50 min the east and 20 m in the west/ Age: Lower Cretaceous
(Barremiani Aptian))

Radiolarites (J-Ki sh): varicolored radiolarites (red, green, etc.), mostly
pure in the intermediate part of the formation, with interbeds of pelagic
limestones with Radiolaria at the base and top. They often contain nodules
or beds of manganese or appear enriched in it, while locally benches of
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micro-brecciated limestones are intercalated. (Thickness: 2501 400 m /
Age: Jurassici Lower Cretaceous)

A Limestones with jasper (fs k): grey limestones with jasper, with interbeds
of greenish matrls. (Thickness: 150 m / Age: Upper Triassic)

A Peristeri Limestones (ts k): massive, crystalline limestones, known only
as remnants of tectonic nappes trapped within the radiolarites. Their
original lithological composition is not clearly defined; they probably
represent platform limestones or shallow-marine deposits. Their age
remains uncertain. (Age: Triassic, undetermined)

A Augitic andesite, spilites, volcanic rocks (ab): volcanic rocks
accompanying the radiolarites of the Pindos Zone. They are considered
equivalent, but of much smaller extent, compared to the ophiolites of the
Subpelagonian zone, which are laterally accompanied by the Pindos
radiolarites.

lonian Zone

The lonian Zone occurs in the area with two subzones (central and internal) and
includes sedimentary sequences ranging from the Upper Eocene to the Lower
Senonian.

A Undivided Flysch (Fi): flysch of sandstonei marl character, representing the
transition between the lonian flysch and the Gavrovo flysch. It includes lenses
of conglomerates with pebbles from the Pindos series, characteristic of the
Gavrovo flysch. The transition from the underlying limestones to the flysch is
gradual, through red calcareous shales. The main flysch begins in the
Priabonian. (Age: Upper Eocenei Lower Oligocene)

A Limestones (e k): brecciated, massive, and coarse-grained limestones, with
interbeds of fine-grained limestones containing black cherts. The formation
includes stratigraphic levels of Paleocene, Lower, and Upper Eocene. (Age:
Paleocenei Upper Eocene)

A Limestones (Kss): brecciated limestones developed in massive beds, with
coarse Rudist fragments and interbeds of pelagic thin-bedded limestones.
(Thickness ~300 m / Age: Upper Senonian)

A Vigla Limestones (Js-K8i): pelagic, thin-bedded limestones with cherts or
jasper interbeds. In the study area, only the upper part of the formation occurs,
which underlies the brecciated limestones. The formation spans the Jurassic
and Cretaceous, while in the area it is represented by horizons of Lower
Senonian. (Age: Upper Jurassici Lower Senonian)
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Figure 4.5: Geological Map at Study Area
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4.2 Creation of False Color Composites

The goal of this step is to create visually and analytically consistent false-color
composites from optical satellite data, suitable for lithological discrimination and
subsequent feature extraction. This process was conducted within the GEE
environment in the frame of the feature engineering and label preparation, utilizing
harmonized optical data from Sentinel-2 Level-2A and Landsat-8 Level-2 surface
reflectance collections.

Optical imagery was selected to provide consistent, high-quality surface reflectance
observations across the study area of Agnanta. Sentinel-2 Level-2A imagery (bands
B2, B3, B4, B8, B11, B12) was used for 107 20 m resolution data, covering the visible,
near-infrared (NIR), and shortwave infrared (SWIR) ranges. And Landsat-8 OLI Level-
2 imagery (bands B2i B7) was used to ensure temporal continuity and spectral
complementarity at 30 m resolution.

To ensure optimal radiometric quality, a cloud-, shadow-, and snow-masking routine
was implemented. For Sentinel-2, this was based on the Scene Classification Layer
(SCL) flags, while for Landsat-8, the QA_PIXEL bitmask was used to remove cloudy
and shadowed pixels. The filtered images were composited using a median reducer,
minimizing the effects of atmospheric contamination and temporal variability across
the observation period 01/01/2024 7 31/12/2024.

From the preprocessed imagery, several false-color composites were generated to
highlight lithologically relevant spectral contrasts.

Typical composite configurations included:

A True color composite (B4i B3i B2) realistic surface representation for general
mapping.

A False color vegetation composite (B8 B4i B3) emphasizing vegetation and
moisture variability.

A Geologic composite (B12i B8i B4 or SWIR2i NIRi Red) enhancing lithological
boundaries, mineral alterations, and soil differences, as illustrated in Figure 4.6.

Each composite was co-registered and clipped to the study area boundary. The
resulting mosaics allowed clear visual discrimination between bare rock, vegetation,
soil, and altered zones, supporting the identification of lithological patterns and guiding
subsequent feature derivation.
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Figure 4.6: Example of Sentinel-2 False Color Composite (B12i B8i B4) highlighting lithological
variations in the study area

The false-color composites provided an effective preliminary understanding of the
spectral variability within the study area, aiding the identification of lithological units
and geomorphological features. In particular, the SWIR- and NIR-based composites
were useful for differentiating silicate- and clay-rich lithologies, as well as for detecting
ferrous alteration zones, as shown in Table 4.1.

These composites also served as the input layers for the computation of lithology-
sensitive indices such as NDVI, NDSI (SWIR1i Green), clay ratio (SWIR1/SWIR2),
ferrous index (SWIR1/NIR), quartz proxy (SWIR2/NIR), and a brightness metric, which
were later integrated into the multi-sensor feature cube, as shown in Table 4.2.

The final set of composites and derived indices were resampled, stacked, and co-
registered within GEE, forming an analysis-ready optical dataset for use in the Principal
Component Analysis (PCA) and subsequent supervised classification stages.
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Table 4.1: False Color Composite Configurations Used for Lithological Mapping

. . Band
Composite Satellite S Key . o
Name Sensor Combination Bands Index visualization
(RGB)
Red,
True Color o vl B4T B3i B2 Green,
Composite Blue

Purpose / Interpretation: Natural appearance, general visualization of the terrain,
vegetation, and water bodies.

Vegetation / NIR,
NIR Sentinel-2 B871 B47 B3 Red,
Composite Green

Purpose / Interpretation: Highlights vegetation health and density, useful for separating
vegetated versus barren zones.

B12i B8i B4 SWIR2,
Sentinel-2  (SWIR2i NIRi NIR,
Red) Red

Geologic
Composite

Purpose / Interpretation: Enhances lithological boundaries, mineral alteration zones, and
soil moisture differences.
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SWIRT Soil

; Landsat-8 B771 B61 B4
Composite

Purpose / Interpretation: Differentiates rock and soil types, sensitive to clay and ferrous

content.
Iron-Oxide SWIRI,
: Landsat-8 B61 B51 B4 NIR,
Composite Red

. . . SWIR1
Clay/Alteratio . B1171 B121 ’
n Composite Sentinel-2 B8 SV&/:EZ'

Purpose / Interpretation: Highlights clay and alteration minerals typical of certain
lithologies.

[85]



Moisture /
Vegetation Sentinel-2
Index Base

B8 B117
B12

Purpose / Interpretation: Used for NDVI, NDSI, and moisture-related index derivation.

Table 4.2: Lithology-Sensitive Spectral Indices Derived from Sentinel-2 and Landsat-8

Formula/ Band Satellite . L
Index Name S Index visualization
Combination Source

NDVI

(Normalized )272’&'0‘
Difference .) 2 2AA Sentinel-2
Vegetation

Index)

Geological Relevance: Indicates vegetation cover, helps separate vegetated and non-
vegetated areas prior to lithological analysis.

NDSI
(Normalized Yo @Y O 'QQ
Difference 37)2p OAA gentinel-2
Soil Index 1
SWIR1i
Green)

Geological Relevance: Sensitive to soil brightness and composition; useful for identifying
soil-dominated lithologies.
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. ) Sentinel-2 /
Clay Ratio — for Sentinel-2 Landsat-8

or — for Landsat-8

Geological Relevance: Highlights clay-rich minerals (e.g., montmorillonite, kaolinite), often
associated with alteration zones.

Ferrous ) Sentinel-2 /
Index — for Sentinel-2 | andsat-8

or — for Landsat-8

Geological Relevance: Detects ferrous iron oxides and mafic lithologies, useful in
identifying igneous formations.

) Sentinel-2 /
Quartz Proxy  — for Sentinel-2 Landsat-8

or — for Landsat-8

Geological Relevance: Emphasizes quartz-rich lithologies (e.g., sandstones, felsic rocks)
due to SWIR reflectance behavior.
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