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Abstract

Today, more than ever before, our cities are exposed to many issues and phenomena that are inevitable
natural or human disasters that threaten their stability. According to rapid urbanization, many of these cities
extend at the expense of flood-prone areas that cause human and economic losses and make them beyond any
control. According to the National Social and Economic Council, the city of Tebessa is one of the most flood-
prone cities in Algeria, which made this city suffer every time from flooding issues caused by flood-prone
areas.

On the one hand, the interaction between humans and the built and natural environment at the visual
and sensory level is known as urban planning, which describes physical features as a framework for how to
optimize the urban fabric in order to ensure the sustainability of the built environment, and on the other hand,
urban planning is one of the most important components of the urban fabric and one of the factors that
exacerbate the issue of flooding, especially in flood-prone areas. One of the tools used in this regard is the
Geographic Information System (GIS), a system that analyzes, generates, manages and maps all types of data,
and provides a basis for drawing, analyzing and using machine learning, helping users and decision makers to
understand relationships, geographic context and patterns.

In this regard, our goal in this research project mainly talks about using machine learning and GIS to
analyze the urban planning of flood-prone areas to understand their characteristics in the city of Tebessa.
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Résumé

Aujourd'hui plus que jamais, nos villes sont exposées a de nombreux problémes et phénoménes qui
constituent des catastrophes naturelles ou humaines inévitables menagant leur stabilité. En raison de
I'urbanisation rapide, nombre de ces villes s'étendent au détriment des zones inondables, ce qui entraine des
pertes humaines et économiques et les rend incontrdlables. Selon le Conseil national économique et social, la
ville de Tébessa est I'une des villes les plus exposées aux inondations en Algérie, ce qui fait qu'elle souffre a
chaque fois de problémes d'inondation causés par les zones inondables.

D'une part, l'interaction entre les humains et I'environnement bati et naturel au niveau visuel et
sensoriel est connue sous le nom d'urbanisme, qui décrit les caractéristiques physiques comme un cadre
permettant d'optimiser le tissu urbain afin d'assurer la durabilité de I'environnement béti. D'autre part,
I'urbanisme est I'un des éléments les plus importants du tissu urbain et I'un des facteurs qui exacerbent le
probléme des inondations, en particulier dans les zones inondables. L'un des outils utilisés a cet égard est le
systeme d'information géographique (SIG), un systéme qui analyse, génére, gére et cartographie tous types de
données, et fournit une base pour dessiner, analyser et utiliser I'apprentissage automatique, aidant les
utilisateurs et les décideurs a comprendre les relations, le contexte géographique et les modéles.

A cet égard, notre objectif dans ce projet de recherche consiste principalement a utiliser I'apprentissage
automatique et le SIG pour analyser lI'urbanisme des zones inondables.

Mots clés : Zones inondables, ville de Tébessa, apprentissage automatique, SIG, urbanisme.
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Introduction

The 20th century saw a spike in climate change that increased the frequency of major floods (Solomon
et al., 2007); flash floods have become particularly dangerous for human life and economic damage, especially
along roads, rail lines, and urban areas. Moreover, floods can increase the dangers to public health by
introducing viruses and promoting microbial development (Taylor et al., 2011). Urban flooding's socio-
economic effects have gotten worse as a result of altered rainfall patterns brought on by global warming
(Rahmati & Pourghasemi, 2017); this has an impact on how affected cities will develop in the future
(Guhathakurta et al., 2011). Rapid urbanization combined with human activities that change the shape of Wadis
channels makes some areas more vulnerable to flooding (Yousefi et al., 2018). Preventing floods is better than
reducing the resulting losses since floods usually start suddenly and intensify quickly over a few hours (Regmi
et al., 2014).

Due to variable seasonal precipitation patterns, Tebessa City has experienced multiple flood events in
recent years in various regions (ANGIRE, 2019); areas with poor drainage, dense populations, agricultural
lands, and complex hydrographic networks like Wadis—which form a complex system within the city's urban
perimeter—are especially susceptible to flooding (Sanitation and Environmental Protection Department
(DAPE), 2013). The risk of flooding has increased in these locations due to the convergence of runoff from
rainstorm events (HADJLA, 2016). Flood dangers have also increased as a result of Chaabas being turned into
wastewater collectors for the city, creating a single sewage system that combines wastewater and rainfall
(Water Ressources Departement, 2018). Therefore, reducing flood damages through watershed flood risk
modeling is essential for efficient environmental and water management (Siahkamari et al., 2018).

Flood-prone regions have been identified and evaluated using a variety of techniques, such as remote
sensing and Geographic Information System (GIS) technology, which have provided fresh insights into flood
investigations because of their capacity to manage multi-temporal datasets (Lhomme et al., 2010). The
development, administration, and integration of flood occurrence databases and their contributing elements are
made easier by GIS technologies (Bates et al., 2010). Notwithstanding the potential advantages of using
geospatial databases for flood modeling, their intricacy and volume of data frequently prevent research-level
institutions from using them, which prevents stakeholders and local communities from adopting them more
widely (Miller et al., 2004).

Flood susceptibility mapping utilizing artificial intelligence (Al) and machine learning models (ML) has
become more popular and accepted with the development of GIS techniques, offering trustworthy flood
evaluations (Azareh et al., 2021). By analyzing large datasets to find complex patterns and connections,
machine learning (ML), a crucial component of modern information technology, has proved helpful in
determining the hazards of flash floods (Regmi et al., 2014). However, certain approaches are required for the
evaluation and validation of ML and Al models (Hu et al., 2020).

This research therefore seeks to fill this gap by integrating GIS and machine learning techniques to
analyze flood-prone in Tebessa, Algeria. The study aims to identify their spatial characteristics, assess their
exposure to flooding, and provide decision-makers with spatially explicit tools to support more resilient and
sustainable urban planning.

Methodology and material

This research follows a multi-stage methodological framework combining Geographic Information
Systems (GIS) and machine learning techniques to analyze flood-prone public spaces in the city of Tebessa,
Algeria. The approach is divided into four main phases: data collection, data processing, predictive modeling,
and spatial analysis (Figure 01).
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Figure 01 : lllustrates the methodological flowchart of this study.

1. Study Area Definition

Tebessa, situated on the eastern border of Algeria adjoining Tunisia, covers a land area of 184 square
kilometers and boasts a population of 249,583 according to the 2022 statistics from the Direction of
Programming and Budget Monitoring - Wilaya of Tebessa (URBA-BA, 2018).

Geographically, the area is made up of plains, such the MERDJAH Plain, and southern mountains,
including ANWAL and DOKKANE. It runs from east to west across the city and has an average elevation of
around 800 meters above sea level. Evaluations of slopes and elevations are part of the study of topographic
characteristics at the level of the urban perimeter (URBA-BA, 2018).

It is characterized by two bioclimatic stages (a north that is very cold in winter and very hot in summer,
and a south that is cold in winter and temperate in summer).
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Figure 02: showcases the administrative location of Tebessa City.
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2. Data Collection

The data collection phase is a fundamental step in this research, as it provides the necessary inputs for
GIS analysis and machine learning modeling. Therefore, spatial data were collected from freely available
sources, such as Landsat and Sentinel satellite imagery, as well as historical flood records issued by civil
protection authorities (Table 01) (Intensive flooding and a remarkable geographical extent.), to predict future
disaster risks in flood analysis (Rahmati & Pourghasemi, 2017). Field surveys and field observations were also
used to validate the data, whenever possible, to verify the accuracy of satellite-derived information and ensure
the reliability of datasets.

Table 01: Significant past flood events (Initial Flood Risk Assessment).

Year Months / . Number_ of Damages Number of victims
Dates interventions

2015 | August, 81 Operations Housing and some 1 dead and 26 survivors.
September, public facilities
October.

2018 | May, August, | 325 Operations | Housing and some 02 dead and 10 injured.
September, public facilities.
October.

Source: The direction of Civil Protection of the Wilaya of Tebessa, 2023.

According to the previous studies of (HADJLA, 2016), The flood risk analysis framework for
Tebessa City generally considers four factors (Figure 03):

The factors
Hydrographic Topographic Climatic Human
factors factors factors factors
| [ [ l
v

Flood’s problems in Tebessa City

Figure 03: Factors of the occurrence of floods in the city of Tebessa (HADJLA, 2016).

- Topographic factors:
are represented in the steep slopes located in the south of the city, with weak slopes in the north, and
in general, the flatness is the dominant feature of the place of the city.

- Hydrographic factors:
are represented in the dense water network that penetrates the city and consists of the 07 Wadis
mentioned above.

- Climatic factors:
are represented by the semi-dry climate and semi-cold winters, which are often heavy and irregular
rains, in addition to the type of climate and the nature of the soil reflected on the vegetation cover,
and these factors combined effect and exacerbate the problem of floods in the city.

- Human factors:
are factors related to overpopulation, the process of legal urbanization, and human intervention,
positive or negative, on the field: Fast urbanization; Lack of proper city setup related to networks or
setup related to watercourse rectification...
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3. Data Processing

Challenges

At this stage the data was cleaned and aligned as follows (Table 02 and Figure 04):

Table 02: Data processing steps.

Steps

Data Cleaning and
Harmonization

e Projection unification to WGS 84 UTM Zone 32N.
» Removal of duplicate and inconsistent attribute entries.
e Cloud masking in satellite imagery using the QA band.

Classification

Land Use/Land Cover

o Supervised classification using the Random Forest algorithm to
identify impervious surfaces, vegetation, water bodies, and open
spaces.

« Accuracy assessment through confusion matrix using field survey
points and Google Earth imagery.

GIS-Based
Spatial
Analysis

Flood-Prone | e Hydrological modeling using DEM to derive slope, flow direction, and

Area flow accumulation.

Delineation e ldentification of potential flood zones via the HEC-HMS and HEC-
RAS models integrated in ArcGIS.

Public e Intersection of public/open space layers with flood-prone zones to

Space extract affected areas.

Overlay e Spatial statistics (area, perimeter, proximity to drainage) for each

public space polygon.

320000 322000

Figure 04: the location of flooded and Non-Flooded points in Tebessa city.

5. Machine Learning Modeling

The stages of the machine learning are presented in three main table 03: (1) Input features (2)
Model selection and training (3) Model evaluation. A detailed description of these steps is as below

(Table 03):
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Table 03: Machine learning modeling stages.

Steps

Input Features o Elevation, slope, distance to watercourses, land cover type,
imperviousness index, and drainage density.

Model Selection and o Comparative evaluation of three models: Random Forest (RF),
Training Gradient Boosting (GB), and Support Vector Machine (SVM).
o Dataset split into 70% training and 30% testing sets.

Model Evaluation o Performance metrics: Accuracy, Precision, Recall, F1-score, and
Area Under Curve (AUC).

e Feature importance ranking to identify the most influential
variables in flood susceptibility of public spaces.

Results

The results presented in this study highlight areas at risk from flooding in the city of Tebessa,
with the aim of identifying and predicting vulnerable spaces to flooding. For analysis, Geographic
Information Systems (GIS) were used to integrate and visualize spatial data such as land use,
elevation, drainage networks, and the distribution of urban spaces (Figure 05). In parallel, machine
learning algorithms were applied to identify areas at risk from flooding and predict the likelihood of
flooding in specific locations based on historical flood events, rainfall data, and topographical
features. By combining these methods, the study not only highlights vulnerable urban areas but also
provides valuable insights into how urban spaces, essential for mobility, recreation, and social
interaction, are affected by flood risks.

Zones exposed to floods in Tebessa city g‘&

[Jurban_perimeter Flood_zones = Wadis N S
Figure 05: zones exposed to floods in Tebessa city.

The findings aim to support urban planners and decision-makers in adopting effective flood risk
management strategies and ensuring safer and more resilient urban development in Tebessa city .

Discussion

The results of this study confirm that the city of Tebessa is highly vulnerable to flooding (Figure 06),
particularly in its urban spaces, which play a critical role in the urban fabric. This finding is consistent with
previous research conducted in other flood-prone urban areas, where the expansion of built-up land into natural
floodplains has intensified the exposure of open and public spaces to flood risks (Douglas et al., 2008; Liao,
2012) . Similar to studies in Mediterranean and North African cities, our analysis shows that limited drainage
infrastructure and rapid urbanization exacerbate flooding impacts on key urban areas (Ajjur & Mogheir, 2020).
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However, in contrast to some research that focuses primarily on residential and industrial zones as the
most affected by flooding (Jha et al., 2012), this study emphasizes the particular vulnerability of urban
spaces—streets, plazas, and parks—as essential social and cultural nodes (Figure 07). This broader perspective
expands the debate by demonstrating how floods not only cause material damage but also disrupt mobility,
daily activities, and community interactions, confirming insights from recent works on the social dimensions
of urban flooding (Amoako & Frimpong Boamah, 2015).

Methodologically, the combined use of GIS and machine learning in this study provides a more
predictive and spatially explicit assessment than traditional hydrological modeling approaches. While earlier
GIS-based studies mapped flood risk zones largely through topographic and hydrological overlays (Sanyal &
Lu, 2004), the integration of machine learning here allowed for the identification of non-linear relationships
between rainfall patterns, land use, and vulnerability of specific urban spaces. This approach aligns with
emerging studies that highlight the capacity of artificial intelligence to improve flood risk mapping and
decision support systems (Mosavi et al., 2018).

Taken together, this comparative analysis illustrates that Tebessa’s challenges mirror global urban
flood vulnerabilities but also highlight context-specific dimensions. The emphasis on urban spaces as both
highly exposed and socially critical differentiates this study from prior research and offers a novel contribution
to urban resilience planning in flood-prone contexts.

Flood location according to remote sensing in Tebessa city .
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Figure 06: Flood location according to remote sensing in Tebessa city.
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Figure 07: Damage to public spaces caused by floods in Tebessa.

Conclusion

The findings of this research demonstrate that the integration of Geographic Information Systems
(GIS) and machine learning techniques provides a powerful framework for analyzing flood-prone areas in
rapidly urbanizing cities such as Tebessa. By mapping spatial patterns of risk and predicting the vulnerability
of urban spaces, the study highlights the extent to which urban expansion into floodplains exacerbates the
exposure of critical urban areas. The analysis reveals that urban spaces—parks, plazas, and circulation
networks—are disproportionately affected by flooding due to their location in low-lying and poorly drained
areas, making them both physical hotspots of damage and social nodes of disruption. This underscores the
necessity of incorporating flood risk assessments into urban planning policies, particularly in regions
experiencing uncontrolled growth. Beyond its local relevance, the study illustrates how combining GIS with
machine learning enables a more nuanced understanding of the relationship between urban form, hydrological
processes, and human vulnerability. Ultimately, these results provide decision-makers with evidence-based
insights that can inform sustainable planning, adaptive design of public spaces, and proactive flood risk
management strategies aimed at enhancing urban resilience.
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