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« Etude d'impact du changement climatique sur la sensibilité hydraulique des
systémes de drainage urbain »

Résumé :

Les inondations constituent une menace majeure pour les zones urbaines en Algérie, car 'urbanisation rapide et le
changement climatique sont des facteurs qui augmentent la fréquence et I'intensité des pluies, rendant les systemes
de drainage incapable d’absorber les eaux de ruissellement, posant des défis importants pour la gestion des eaux
pluviales. Cette thése étudie 'impact de ces facteurs sur le systeme de drainage de la zone urbaine appelée Bir Farina,
commune d'Azzaba, wilaya de Skikda a 1'Est de 1'Algérie, en se concentrant sur les limites du modele hydraulique
traditionnel MIKE+ pour la prévision précise des débordements du réseau d'eau pluviale. Cette these décrit une
approche innovante appelée SWN-ML (Storm Water Network - Machine Learning), qui combine les simulations
hydrauliques du modéle MIKE+ avec des algorithmes avancés d'apprentissage automatique, notamment des
techniques d'apprentissage d'ensemble, telles que Gradient Boosting et Random Forests. Une base de données
complete englobant les caractéristiques géographiques, climatiques et géométriques du réseau d'eaux pluviales de la
région d'étude a été développée. Le modele MIKE+ a été calibré en se basant sur 'unique mesure des hauteurs d’eau
a exutoire du réseau d’eau pluviale lors de I'’événement pluvieux du 4 février 2019, et l'approche SWN-ML a été
utilisée pour prédire les taux de débordement moyens pour différentes durées de pluie et périodes de retour. Les
résultats indiquent la performance des modeles d'apprentissage par ensemble (ELM) par rapport aux modeles
d'apprentissage automatique classiques dans la prédiction des taux de débordement. Une forte corrélation a été
observée entre les prédictions des méthodes d'ensemble et les simulations du MIKE+, confirmant leur efficacité a
capturer la dynamique du réseau d'eaux pluviales. De plus, une analyse de l'importance des caractéristiques basée
sur l'erreur quadratique moyenne (MSE) a permet d’identifier les principales variables influencant le taux de
débordement, offrant ainsi des informations précieuses pour améliorer les stratégies de gestion des eaux pluviales.
Cette recherche met en lumiére le potentiel d'intégrer des modeles basés sur des principes physiques avec des
techniques d'apprentissage automatique pour améliorer la prédiction et la gestion des débordements des réseaux
d'eaux pluviales dans les zones urbaines. L'approche SWN-ML offre un cadre robuste et fiable pour I'évaluation des
risques d'inondation, permettant le développement de systemes d'alerte précoce efficaces et de stratégies

d'atténuation des inondations, cruciales pour construire des environnements urbains résilients.

Mots clés : Changement climatique, Systémes de drainage urbains, Inondation, Apprentissage automatique,

Apprentissage par ensemble



«Study of the impact of climate change on the hydraulic sensitivity of urban
drainage systems»

Abstract:

Floods are a major threat to urban areas in Algeria, as rapid urbanization and climate change are factors that increase
the frequency and intensity of rainfall, making drainage systems unable to absorb runoff, posing significant
challenges for stormwater management. This thesis studies the impact of these factors on the drainage system of the
urban area called Bir Farina in Azzaba city, Skikda province in eastern Algeria, focusing on the limitations of the
traditional MIKE+ hydraulic model for the accurate prediction of stormwater network overflows. This thesis
describes an innovative approach called SWN-ML (Storm Water Network - Machine Learning), which combines the
hydraulic simulations of the MIKE+ model with advanced machine learning algorithms, including ensemble learning
techniques, such as Gradient Boosting and Random Forests. A comprehensive database encompassing the
geographical, climatic and geometric characteristics of the stormwater network in the study region was developed.
The MIKE+ model was calibrated based on the unique measurement of water levels at the stormwater network outlet
during the rainfall event of February 4, 2019, and the SWN-ML approach was used to predict the average overflow
rates for different rainfall durations and return periods. The results indicate the performance of ensemble learning
models (ELM) compared to classical machine learning models in predicting overflow rates. A strong correlation was
observed between the predictions of the ensemble methods and the MIKE+ simulations, confirming their
effectiveness in capturing the dynamics of the stormwater network. In addition, a feature importance analysis based
on Mean Square Error (MSE) identified the main variables influencing overflow rates, providing valuable insights
to improve stormwater management strategies. This research highlights the potential of integrating physically based
models with machine learning techniques to improve the prediction and management of stormwater network
overflows in urban areas. The SWN-ML approach provides a robust and reliable framework for flood risk
assessment, enabling the development of effective early warning systems and flood mitigation strategies, crucial for

building resilient urban environments.

Key words: Climate change, Urban drainage systems, Flood, Machine Learning, Ensemble Learning
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1.1 Background

1.1.1 Importance of Studying the Impact of Climate Change on Urban Drainage Systems

The study of climate change's impact on urban drainage systems (UDSs) in Algeria is crucial due to
several interrelated factors, including rapid urbanization, increased flooding risks, and the unique
climatic conditions of the region. Algeria has experienced significant urban growth, with its
population increasing from about 11.3 million in 1960 to nearly 43 million in 2019. This rapid
urbanization has led to a concentration of people in coastal and valley areas, where 90% of the
population resides on just 13% of the country's land. Such urban expansion has resulted in increased
impervious surfaces, which alter natural drainage patterns and exacerbate flood risks. The
encroachment into flood-prone areas, particularly riverbeds, has further heightened vulnerability to
flooding events, which are often triggered by heavy rainfall.
Algeria is highly sensitive to climate change, with projections indicating a 5-13% reduction in rainfall
and a temperature increase of 0.6-1.1°C by 2020(Schilling et al., 2020). These changes are expected
to intensify the frequency and severity of flooding, particularly in urban areas where drainage systems
may be inadequate to handle increased runoff. Historical data shows that floods have caused
significant casualties and damages, with major events recorded in Algiers and other regions, leading
to substantial human and material losses (Hassan et al., 2022).

1.1.2 Overview of Climate Change Impacts on Hydraulic Systems

Climate change has a significant impact on hydraulic systems, affecting their design, operation, and
environmental interactions. One major consequence is the increased risk of flooding due to more
frequent and severe extreme weather events, such as heavy rainfall. Many hydraulic structures, such
as bridges and culverts, are designed using historical climate data, which may no longer be accurate
under changing conditions. For instance, studies like one in Rwanda have shown that rising
precipitation levels could exceed the design capacity of existing infrastructure, potentially leading to
failures during extreme flood events(Iradukunda et al., 2024) . Furthermore, research in Costa Rica
has demonstrated that climate change alters hydraulic parameters, such as river flow velocity and
depth, leading to reduced water supply and increased flooding risks(Watson-Hernandez et al., 2022).
Additionally, temperature extremes pose challenges for the operation of hydraulic equipment, as
fluctuations can affect system reliability and efficiency, such as changes in oil viscosity leading to
mechanical failures. These impacts highlight the need to reassess hydraulic system designs to
accommodate the evolving climate (Power & Motion. 2024).

1.1.3 Introduction to Classical Hydrological and Machine Learning Models
In the study of hydrological processes, classical hydrological models and machine learning models
represent two distinct yet complementary approaches. Classical hydrological models are grounded in
the physical principles of the water cycle, relying on mathematical equations to simulate interactions
between precipitation, evapotranspiration, runoff, and other hydrological variables. These models,
including well-established tools like HEC-HMS, SWAT, and MODFLOW, provide a detailed
understanding based on physical characteristics of the landscape, but require extensive data for
calibration and validation (Xu & Liang, 2021).
In contrast, machine learning models are data-driven and utilize algorithms such as Artificial Neural
Networks (ANNSs), Support Vector Machines (SVMs), and Random Forests to capture complex, non-
linear relationships within observed data (Bhasme et al., 2022). These models excel in handling large
datasets and are especially useful in applications where the physical processes are difficult to model,
such as streamflow prediction, flood forecasting, and water quality management(Torres et al., 2024).
Recently, researchers have explored integrating the strengths of both classical and machine learning
models to improve hydrological predictions (Bhasme et al., 2022). This hybrid approach leverages
2
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the physical understanding of classical models alongside the predictive power of machine learning,
creating more robust and efficient models to address challenges like climate change and urbanization
impacts on water systems(Xu & Liang, 2021). This thesis will delve into the potential of combining
these methods to advance hydrological modeling and enhance decision-making for water resource
management(Lange & Sippel, 2020).

1.2 Problem Statement
1.2.1 Challenges Faced Due to Increased Rainfall Intensity and Frequency

The increasing intensity and frequency of rainfall, driven by climate change, present several
significant challenges, particularly for Algeria. Urban areas are experiencing heightened flood risks,
as intensified short-duration rainfall leads to more frequent and severe flash floods, especially in cities
with non-permeable surfaces and inadequate drainage systems. Rapid urbanization near riverbeds
further exacerbates this vulnerability, causing substantial infrastructure damage and economic
disruptions (World Bank, 2023). Despite the increased rainfall, Algeria grapples with critical water
scarcity, with variability in rainfall patterns and rising temperatures threatening to worsen drought
conditions. This complicates water resource management and agricultural productivity (World Health
Organization, 2015; Dept. 2024). Additionally, climate change is projected to intensify existing arid
conditions, with rising temperatures and increased extreme weather events potentially leading to more
severe flooding and reduced water availability due to heightened evaporation and runoff (Dept., 2024;
Hamitouche et al., 2024). The economic and social consequences are profound, with agriculture vital
to Algeria's economy being particularly vulnerable to extreme weather, leading to crop failures, food
insecurity, and infrastructure damage that strains public resources and hinders development (World
Bank, 2023) Addressing these challenges necessitates comprehensive disaster risk management,
updated infrastructure standards, and localized climate data to improve resilience against future
climatic shocks.

1.2.2 Limitations of Classical Models in Predicting Stormwater Overflows

Classical models for predicting stormwater overflows, such as the Storm Water Management Model
(SWMM) and Kinematic Wave Model, face several limitations, particularly in the context of climate
change and urbanization. These models often rely on simplifying assumptions about rainfall
distribution, soil characteristics, and catchment responses, which can lead to discrepancies between
predictions and actual events (Lundy et al., 2012). Additionally, the accuracy of these models depends
on the quality and granularity of input data, with uncertainties in rainfall measurements being a
significant source of error (Lundy et al., 2012). Classical models also struggle to adapt to extreme
weather events, like increased rainfall intensity, making it difficult to predict combined sewer
overflows (Chiaburu & Biessmann, 2024; Marie et al., 2022). Moreover, they generally lack
integration with modern techniques, such as machine learning and hybrid statistical methods, which
have shown potential for improving predictive accuracy (T. Liu et al., 2021; Szelag et al., 2018).
These models frequently overlook environmental and systemic factors, such as the impact of urban
green infrastructure, resulting in an underestimation of its effectiveness in stormwater managemen
(Szelag et al., 2018) . Therefore, there is an increasing need for more advanced models that can
integrate diverse data sources, leverage real-time data, and more accurately capture the complexities
of urban ecosystems.

1.2.3 The Need for Advanced Prediction Models for Overflow Management
The increasing frequency and severity of Combined Sewer Overflows, fueled by climate change and
rapid urbanization, highlights the urgent need for advanced predictive models. Traditional methods
for managing these overflows often struggle to accurately forecast events, especially during extreme
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weather conditions, leading to unregulated spills and environmental harm. Advanced models,
leveraging machine learning and hybrid approaches, provide a more effective solution by enhancing
real-time predictive capabilities. These models help utilities anticipate overflow risks, optimize
drainage operations, and ensure timely interventions, ultimately protecting public health and
minimizing environmental damage (Rosin et al. 2021; Yin et al. 2022; Liu et al. 2022a;
Boughandjioua et al. 2024; Ma et al. 2024).

1.3 Objectives

This thesis explores the improvement of urban drainage systems in the context of climate change and
stormwater management. The objective of the research is to assess how climate change affects urban
drainage by examining the impact of shifting climate patterns on the performance and efficiency of
stormwater infrastructure. To achieve this, the study will analyze the sensitivity of hydraulic systems
using MIKE+ software, which allows for in-depth examination of various rainfall durations and return
periods. Additionally, the thesis introduces the SWN-ML approach, which integrates hydraulic
simulations from MIKE+ with machine learning models to predict average overflow rates across
different rainfall scenarios. The research will focus on advanced machine learning algorithms,
particularly ensemble learning methods such as Gradient Boosting and Random Forest, to develop
robust models that improve overflow rate predictions in stormwater networks. By combining
hydraulic simulations with machine learning techniques, this study aims to provide valuable insights
into enhancing the performance of urban drainage systems in the face of evolving climatic conditions.

1.4 Research Questions

The research questions for this thesis are designed to address critical aspects of urban drainage
systems and their performance under varying conditions. Firstly, the study aims to explore how
rainfall duration affects overflow rates in urban drainage systems, examining the relationship between
different rainfall durations and the resulting overflow. Secondly, the impact of various return periods
on the sensitivity of hydraulic systems will be investigated to understand how different frequencies
of rainfall events influence system performance. Thirdly, the research will compare the predictions of
ensemble learning models with those of classical models to assess their relative effectiveness in
forecasting overflow rates in stormwater networks. Finally, the thesis will investigate the
effectiveness and accuracy of different ensemble learning techniques, such as Gradient Boosting and
Random Forest, in predicting overflow rates, aiming to identify the most robust methods for
improving stormwater management.

1.5 Thesis Structure

This section provides a concise overview of each chapter in the thesis, summarizing the key content
and purpose of each. Chapter 2 explores the impact of climate change on urban drainage systems,
with a focus on Africa and Algeria. It analyzes shifting rainfall patterns, the increasing frequency of
extreme weather events, and the pressures of urbanization, all of which contribute to heightened flood
risks. By using Algeria as a case study, the chapter highlights the vulnerability of existing drainage
infrastructures and the need for adaptive stormwater management strategies to ensure resilience. It
also reviews previous studies to set the stage for the innovative methods that follow.

Chapter 3 then examines traditional hydrological and hydraulic models alongside emerging machine
learning (ML) approaches in urban drainage system analysis. It contrasts the limitations of
conventional physical-based models with the advantages of ML techniques, particularly ensemble
learning methods such as bagging and boosting, which offer improved flood prediction accuracy
through enhanced data analysis. The chapter explores the application of supervised and unsupervised
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learning, as well as the potential of deep learning and reinforcement learning for stormwater
management.

In Chapter 4, the study focuses on the case of Bir Farina in Algeria, detailing its geographical,
climatic, and urban characteristics. It introduces the SWN-ML (Stormwater Network-Machine
Learning) methodology, which integrates MIKE+ hydrological and hydraulic models with ensemble
learning techniques like Random Forest and Gradient Boosting. This integrated approach is used to
predict stormwater overflow rates and demonstrates the success of combining traditional and ML-
based models to improve flood risk management and system resilience.

Chapter 5 presents the results and discussion of applying the SWN-ML methodology, demonstrating
that integrating MIKE+ models with ensemble learning techniques significantly enhances flood
prediction accuracy. The study evaluates model performance using metrics such as Mean Squared
Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE). A feature
importance analysis, conducted using the MSE method with 10 permutations, identifies critical
factors influencing stormwater dynamics, including rainfall duration, intensity, and drainage network
capacity. These findings provide valuable insights for improved planning and flood mitigation
strategies.

Finally, the research concludes by summarizing the key contributions of integrating traditional
hydrological models with machine learning techniques to improve stormwater overflow predictions.
The study highlights the potential of ensemble learning models, such as Random Forest and Gradient
Boosting, for effective flood risk management, especially in vulnerable regions like Algeria. The
limitations of the study are acknowledged, and suggestions for future research are provided, including
the exploration of advanced techniques like deep learning and reinforcement learning to enhance
predictive models. Furthermore, the applicability of the SWN-ML approach to other urban areas with
diverse climatic conditions is proposed as a promising avenue for improving urban drainage systems
on a global scale.
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2.1 Introduction
Urban drainage systems are critical infrastructures for managing stormwater and minimizing flood
risks in cities. However, climate change is increasing their vulnerability by altering rainfall patterns,
intensifying storms, and raising the frequency of extreme weather events. With rising global
temperatures, urban areas are now dealing with both extended droughts and sudden heavy rains,
straining older drainage networks that were not designed for these conditions. Adapting these systems
to changing climates is now crucial.
Africa, as a continent, presents a unique case in understanding climate change impacts on urban
drainage due to its diverse climatic zones and rapid urbanization. From the equatorial rainforests to
the arid deserts, climate variability across the continent leads to distinct challenges for stormwater
management. The region's increasing population and expanding urban areas exacerbate the pressure
on existing drainage infrastructures, leading to more frequent and severe flood events.
In Algeria, climate change significantly impacts urban drainage systems. The country experiences
diverse climatic conditions, ranging from Mediterranean climates along the northern coast to arid and
semi-arid conditions in the interior and southern regions. This variability poses significant challenges
in managing urban stormwater, as the northern cities are prone to heavy rainfall and flash floods,
while the southern regions face prolonged droughts followed by sudden, intense rainfalls. Rapid
urbanization, coupled with inadequate drainage infrastructure, has led to increased flood risks in
cities like Algiers and Oran, where stormwater networks are often overwhelmed during extreme
weather events. Addressing these vulnerabilities requires a comprehensive understanding of climate
projections and adaptive strategies to ensure the resilience of urban drainage systems.
This review will focus on the effects of climate change on urban drainage systems, particularly in the
African and Algerian contexts, examining historical trends, climate projections, and the implications
for urban stormwater management. By understanding these factors, we can better prepare urban areas
for the challenges posed by climate change and ensure the resilience of vital infrastructure.

2.2 Preliminary Review of Climate Change Impacts on Urban Drainage Systems

2.2.1 Overview of Climate in Africa
Historically, Africa has experienced diverse climatic conditions, ranging from humid equatorial
climates to arid desert environments. Since the early 20th century, the continent has warmed
significantly, with average temperatures increasing by about 1°C. Projections indicate that
temperatures could rise by an additional 2°C to as much as 6°C by the end of the 21st century,
depending on greenhouse gas emissions scenarios(Hulme et al., 2001; Leal Filho et al. 2024) Rainfall
patterns in Africa are highly variable, with substantial inter-annual and multi-decadal fluctuations.
These variations can lead to extreme weather events, including droughts and floods, which have
become more frequent and severe in recent decades. The Sahel region, in particular, has been affected
by erratic rainfall, impacting agriculture and water resources (Hulme et al., 2001; Leal Filho et al.
2024; Giordano et al, 2019).The continent spans an area of 11,677,240 square miles (30,244,050
square kilometers) and is home to over 500 million people, representing roughly 10% of the global
population (Chang et al., 2023).
Climatic classification methods are mainly categorized into empirical and genetic approaches.
Empirical methods rely on observed environmental data, such as temperature, humidity, and
precipitation (Fredholm, 1985), or derived measures like evaporation. On the other hand, genetic
methods classify climate based on its underlying causal factors, including circulation systems, fronts,
jet streams, solar radiation, and topography, which influence the spatial and temporal patterns of
climatic data. While empirical methods provide a descriptive view of climate, genetic methods offer
explanations. Nevertheless, empirical classifications are commonly used in practical applications.
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The Kdppen-Geiger climate classification system is the most commonly employed approach for
categorizing climates (Yin et al., 2022). This system, developed by Wladimir Koppen in the late 19th
century, divides the world's climates into five main groups (A, B, C, D, and E) based on average
temperature and precipitation. The system has been further refined over the years, with the latest
version, Koppen-Geiger-Peel, using a combination of temperature, precipitation, and vegetation data
to classify climate (Irvin & Nakashima, 2023).

In Africa, only three of the main K&ppen climate types (A, B, and C) are present, as shown in Figure
2.1. Among these, the dominant climate type by land area is the arid B, covering 57.2% of Africa,
followed by the tropical A at 31.0%, and the temperate C at 11.8%(Nanda et al.2018). The figure
illustrating the Koppen climate classification of Africa shows the different climate zones, each
represented by a distinct color.

SO°W  25°W 0° 25°E  SO0°E  75°E
7 |(A) 3

] African continent M Am BWEk Csa 8 Cwb B8 Dsh Dwa Bl Dwb
Koppen-Geiger classification ¥l Aw Bl BSh I Csb Wl Cwe Il Dsc
AT B BWh BSk Cwa Cib

Figure 2.1: Africa map of koppen climate classification (Beck et al., 2018)
This study introduces global maps of the Koppen-Geiger climate classification with a remarkable
resolution of 1 km, offering insights into both current conditions (1980-2016) and future projections
(2071-2100) influenced by climate change (Beck et al., 2018; de Oliveira-Junior et al., 2024).

Africa is characterized by various climate zones, including:

o Equatorial climate (Af): This climate is characterized by high temperatures and heavy
rainfall throughout the year. It is found in the equatorial regions of Africa, such as the Congo
Basin.

e Monsoon climate (Am): This climate is similar to the equatorial climate, but it has a distinct
dry season. It is found in parts of West Africa and East Africa.

e Tropical savanna climate (Aw): This climate is characterized by warm temperatures and a
distinct dry season. It is found in the savanna regions of Africa, such as the Serengeti National
Park in Tanzania.
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e Warm desert climate (BWh): This climate is characterized by very hot temperatures and
very low rainfall. It is found in the deserts of Africa, such as the Sahara Desert.

e Cold desert climate (BWK): This climate is similar to the warm desert climate, but it has
colder temperatures. It is found in the high-altitude deserts of Africa, such as the Namib
Desert.

e Warm semi-arid climate (BSh): This climate is characterized by warm temperatures and
low rainfall. It is found in the semi-arid regions of Africa, such as the Sahel.

e Cold semi-arid climate (BSK): This climate is similar to the warm semi-arid climate, but it
has colder temperatures. It is found in the high-altitude semi-arid regions of Africa.

e  Warm mediterranean climate (Csa): This climate is characterized by warm, dry summers
and mild, wet winters. It is found in the Mediterranean region of Africa, such as Morocco and
Algeria.

e Temperate mediterranean climate (Csb): This climate is similar to the warm mediterranean
climate, but it has cooler summers. It is found in the higher-altitude Mediterranean regions of
Africa.

e Humid subtropical climate (Cwa): This climate is characterized by warm, humid summers
and mild, wet winters. It is found in the subtropical regions of Africa, such as South Africa.

e Humid subtropical climate/Subtropical oceanic highland climate (Cwb): This climate is
similar to the humid subtropical climate, but it has cooler summers due to higher altitude. It
is found in the mountainous regions of Africa, such as the Drakensberg Mountains in South
Africa.

e  Warm oceanic climate (Cfa): This climate is characterized by warm, humid summers and
mild, wet winters. It is found in the coastal regions of Africa, such as the Atlantic coast of
Morocco.

e Humid subtropical climate (Ca): This climate is similar to the warm oceanic climate, but it
has a more pronounced dry season. It is found in the coastal regions of Africa, such as the
Mediterranean coast of Egypt.

e Temperate oceanic climate (Cfb): This climate is characterized by mild temperatures and
abundant rainfall throughout the year. It is found in the coastal regions of Africa, such as the
Atlantic coast of South Africa.

The Koppen climate classification is a useful tool for understanding the climate of Africa. It helps us
to understand the different climate zones in Africa and the factors that influence these climatesThe
Intergovernmental Panel on Climate Change (IPCC) reports that the frequency and intensity of both
droughts and floods have risen in recent years and are expected to continue increasing in many areas
around the globe. This trend has significant consequences for the demand for and availability of high-
quality freshwater resources (Ogallo, 2009).

In conclusion, classifying climate in the field of hydrological and urban drainage systems is crucial
for understanding and adapting to the impacts of climate change (Kang et al., 2016). By incorporating
climate change projections into urban drainage system planning and design, and implementing
adaptation strategies, cities can become more resilient to the challenges posed by a changing
climate(Acharki et al., 2017; Cea & Costabile, 2022; Ducharne, 2007; Duncker, 2019; Kourtis &
Tsihrintzis, 2021.; Kushawaha et al., 2021; Tramblay et al., 2021) .

2.2.2 Overview of Climate Classification in Algeria
Algeria's climate is characterized by its significant diversity due to the country's vast size and varied
geography. In the northern coastal regions, the climate is Mediterranean, featuring mild, wet winters
with temperatures ranging from 10-15°C, and hot, dry summers with temperatures between 25-30°C.
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The analysis of climate data from 1931 to 1990 in northern Algeria reveals a rise in temperature of
0.5°C, which is expected to increase by 1°C by 2020 and 2°C by 2050 (Climates to Travel, 2024;
Sahnoune et al. 2013; Jianping et al. 2014). These regions receive moderate rainfall, particularly from
November to January, with the wettest period lasting from September to May (Houta & Gadiyatov,
2023) . However, precipitation patterns are highly variable, and models predict that rainfall duration
will become less frequent but more intense, with droughts becoming more common and
prolonged(Sahnoune et al., 2013).

Moving inland to the central regions, the climate becomes more extreme, with hot, dry summers
where temperatures can reach 35-40°C, and mild, dry winters with temperatures dropping to 5-10°C.
Rainfall in these areas is sparse, often less than 400mm annually. In the southern Saharan regions,
the climate shifts to a hot desert type, with scorching summer temperatures soaring up to 50°C and
cool, dry winters with nighttime temperatures that can fall to 0°C(Miloudi et al. 2021; Climates to
Travel, 2024). Rainfall is exceedingly rare, usually under 100mm per year. The Atlas Mountains in
the northern part of the country present a cooler, more temperate climate with higher rainfall and
even snowfall during winter months, with temperatures sometimes dipping below freezing at higher
elevations.

The Algerian coast is shaped by a range of meteorological and hydrological factors, including winds,
storms, and sea currents. Predominantly, winds blow from the west or northwest, sometimes shifting
to the north-northeast, which can lead to hazardous storms impacting navigation. Frequent storms
generate destructive waves from the northern sector (Houta & Gadiyatov, 2023). Algeria’s climate
overall is strongly influenced by its position between the Mediterranean Sea and the Sahara Desert,
resulting in a climatic transition from Mediterranean conditions in the north to Saharan climates in
the far south.(Houta & Gadiyatov, 2023).

Climate change poses significant challenges for Algeria, exacerbating existing climatic conditions.
The country has already experienced a rise in average temperatures, which are projected to increase
by 1.1°C by 2039 and by 2.8°C by the end of the century under high-emission scenarios. Rainfall
patterns are also shifting, with a general decrease in total annual precipitation and an increase in the
intensity of rainfall events. These changes heighten the risks of drought, desertification, and water
scarcity, critically affecting agriculture and water resources. Overall, Algeria's climate is complex
and varies significantly across regions, influenced by geographical features and climate change,
resulting in distinct weather patterns and environmental challenges.

Figure 2.2 illustrates the climatic diversity in Algeria, ranging from the arid deserts in the south to
the more temperate Mediterranean climate along the northern coast (Ciello, 2020). It clearly shows
that the warm desert climate is the most extensive, covering most of the country's land area. This
climate type predominates in the Sahara Desert region of Algeria and is characterized by extremely
high temperatures and very low precipitation. Summers are intensely hot, while winters are mild to
warm, with minimal rainfall throughout the year. This climate is typical of the southern and central
parts of the country (Peel et al., 2007).

10
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Algeria map of Képpen climate classification

I Warm desert climate (BWh)
Cold desert climate (BWk)

| Warm semi-arid climate (BSh)
Cold semi-arid climate (BSk)

Warm mediterranean climate (Csa)

Figure 2.2: Koppen Climate Zones of Algeria: A Visual Classification Map (Ciello, 2020)

Algeria's diverse climates foster a variety of ecosystems, ranging from the arid Sahara to the verdant

Mediterranean coast. However, like many regions worldwide, Algeria is experiencing the effects of
climate change, which include rising temperatures, shifting precipitation patterns, and an increase in
extreme weather events. These developments present considerable challenges for water resources,
agriculture, and human communities, highlighting the need for adaptive strategies to lessen their
impacts (IPCC, 2014).

2.2.3 Impact of Climate Change on Urban Drainage Systems

Stormwater drainage networks in urban areas are vital for managing water flow and preventing
flooding, with their performance heavily influenced by regional precipitation patterns. Climate
change poses a significant challenge by altering hydrological components, including increased
rainfall intensity and frequency. According to the IPCC (2018), rising global temperatures will lead
to more frequent and intense rainfall events, which may overwhelm existing drainage systems
designed based on outdated rainfall patterns, threatening their effectiveness.

In Algeria, climate change has led to shifts in rainfall patterns, contributing to more intense and
unpredictable storm events. While the frequency of moderate rainfall events has decreased, extreme
rainfall events have surged by approximately 17% for 100-year storms (Hassan et al., 2022). This
shift increases the vulnerability of urban drainage systems, which are not always designed to handle
such extremes. Tranet al. (2011) proposed a framework for urban drainage systems in Australia that
accounted for hydraulic considerations, urbanization effects, and changes in precipitation,
highlighting the heightened risk of flooding due to climate change. Similarly, Djordjevi¢ et al. (2011)
identified urban watershed flooding causes, emphasizing the necessity for innovative methodologies
and financial resilience for flood management. The Danish Integrated Assessment System introduced
by Kaspersen and Halsnas (2017)) evaluated flood risks from excessive rainfall in Odense City,
Denmark. Ahmed et al. (2018) examined urbanization and climate change effects in Dhaka City,
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emphasizing the need for adaptation-based spatial planning. Furthermore, Gu et al. (2019) assessed
the impact of urbanization on nonstationary precipitation extremes in China, reinforcing the need to
integrate climate change considerations into stormwater management. These studies collectively
underscore the urgency of adapting urban drainage systems to better predict runoff, manage floods,
and mitigate damage in light of changing climatic conditions.

2.3 Overview of Floods Risk at global and local scale
2.3.1 Global Overview of Floods Risk

Floods have been a significant global hazard, causing substantial economic damage and loss of life
over the past few decades. Between 1992 and 2012, flood-related damages amounted to nearly 0.6
trillion USD, representing 28% of the total damages from all disasters during that period (Giineralp
et al., 2015). From 1980 to 2013, global flood losses exceeded 1 trillion USD, and approximately
220,000 people lost their lives due to flood-related incidents (Dottori et al., 2016) . According to the
international disaster database EM-DAT, between 1999 and 2009, there were 2,470 recorded flood
events worldwide. These floods resulted in 147,457 fatalities and caused an estimated 372.5 billion
USD in damages (EM-DAT, 2015). The occurrence and impact of floods vary significantly from
country to country, influenced by various geological, spatial, developmental, and administrative
factors, as illustrated in Figure 2.3. This variability highlights the intricate nature of flood risk and
emphasizes the importance of customized flood management approaches for different regions
(Berhail & Katipoglu, 2024).
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Figure 2.3: Flood Frequency and Impact by Country 1974 — 2003 (EM-DAT, 2015).

More than 2 billion people globally face the threat of flooding, with nearly 600 million of them living
in poverty. Floods are the most frequent natural hazard, representing 44% of all hazard events
between 2000 and 2019 (Eslamian et al., 2024). These events affected 1.65 billion people, caused
approximately 100,000 deaths, and led to economic losses of up to 651 billion U.S. dollars. The
frequency of global floods increased by 23% in 2020 compared to the previous 20 years, with 201
floods resulting in about 6,200 deaths. Regions like Western Europe, East Africa, South Asia, and
China were particularly hard-hit, with the increase in flood frequency and severity attributed to

climate change.
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Distribution map of global extreme flood events from 2020 to 2021

Global extreme Flood events in 2020 ’ Global extreme flood events in 2021

Figure 2.4: Distribution map of global extreme flood events from 2020 to 2021(Editorial Group, 2022)

Here are some of the countries that experienced significant flood events globally in 2020 and 2021,
as illustrated in Figure 2.4, which represents countries in orange color for 2020 and red color for 2021
(Editorial Group, 2022).

Indonesia: In January 2020, flooding caused by record-breaking rainfall in Jakarta left at least
66 people dead and displaced tens of thousands.

Iran: In January 2020, severe floods in the Sistan-Baluchistan region led to significant
damage, affecting over 200,000 people.

Spain: Storm Gloria in January 2020 caused widespread damage, leaving at least 220,000
homes without power and resulting in four deaths.

Brazil: In January 2020, torrential rains in southeastern Brazil led to catastrophic flooding,
causing 59 deaths.

United Kingdom: Storm Dennis in February 2020 triggered significant flooding across the
UK, with tens of thousands of homes losing power.

Bangladesh and India: In May 2020, Cyclone Amphan caused severe flooding, leading to 102
deaths and 4.9 million displacements.

Japan: In July 2020, floods and landslides in Kyushu caused 77 deaths and destroyed over
15,000 buildings.

South Korea: In August 2020, heavy rain caused flooding that resulted in 26 deaths and
displaced over 1,000 people.

Sudan: In September 2020, flooding in Khartoum caused nearly 100 deaths and damaged
more than 100,000 homes.
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e United States: Hurricane Delta in October 2020 led to significant flooding along the Gulf
Coast, with insured losses reaching billions of dollars.

e China: In July 2021, extreme rains in Zhengzhou, Henan Province, caused severe flooding,
resulting in substantial damage.

e Germany: In July 2021, a historic flood in western Germany caused massive damage, with
181 deaths and economic losses of 10 billion euros.

e [taly: In October 2021, a tropical cyclone in northwestern Italy led to severe flooding, setting
a new European record for rainfall.

These flood events underscore the widespread impact of flooding across various regions globally,
often exacerbated by extreme weather conditions

2.3.2 Local Overview of Floods Risk
Floods in Algeria have become a significant risk due to their profound impact on both the population
and the environment. This growing risk has garnered considerable attention from both local and
national authorities, leading to various studies aimed at mitigating the effects of flooding (Hafnaoui

& Dabanli, 2023).

a)

b)

d)

Urbanization and Flood Risk: Menad et al. (2012) analyzed the impact of urban land use on
flooding, with a particular focus on Bab El Oued. The study highlighted the exacerbation of flood
risks due to urbanization in specific areas. Similarly, (Ketrouci et al., 2012) studied extreme
floods in the Tafna catchment area, emphasizing the role of human activities, such as uncontrolled
urbanization, in amplifying flood risks.

Flood Frequency Analysis: Hachemi and Benkhaled (2016) conducted a flood frequency
analysis using data from the Foum El Gherza station, developing a flood-duration-frequency
(QDF) curve and identifying the Pearson type III (P3) distribution as the most suitable for the
data. Benameur et al. (2017) estimated flood events in the Abiod wadi using the generalized
Pareto distribution (GPD), which better described the region's flood data.

Flood Risk and Hazard Mapping: (Yahiaoui, 2012) utilized HEC-RAS software to simulate
flood-prone areas and produce flood hazard maps, essential tools for urban planning and risk
mitigation. (SAMI et al., 2021) employed QGIS and HEC-RAS to create a flood hazard map for
Chemora city, demonstrating the utility of GIS tools in flood risk assessment.

Impact of Climate Change: Benzater et al. (2021) analyzed extreme rain trends in the Macta
watershed, noting that increasing rain intensity, particularly in August and September, has
contributed to more frequent and severe flooding events. ZEGAIT and PIZZO (2023) proposed
a flood control reservoir for the Idles basin, highlighting the need for infrastructure that can
mitigate the effects of climate variability and extreme weather events.

Historical Flood Data and Statistical Analysis: An inventory of floods in Algeria from 1970 to
2000 was compiled, providing a foundational database for further studies. (Sardou et al., 2016)
documented 127 flood events in northwestern Algeria from 1847 to 2014, offering insights into
the historical patterns of flood occurrence.
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f) Recent Flood Trends (2010): The period from 2010 to 2024 saw an increase in flood events,
particularly in provinces such as Djelfa, M’sila, and Tamanrasset. Notably, on February 29th,
2024 (International Federation of Red Cross and Red Crescent Societies, 2024), the Wilaya of
Jijel experienced significant flooding October 05-06, 2011 (Oued Ferrane and Hai El Fidayine El
Bayadh) 10 deaths and dozens of missing people during 3 days of flooding. Although this period
was marked by a high frequency of floods, it saw fewer fatalities compared to previous decades.
(Abdelkebir, B. 2022)

Flood studies in Algeria reveal that flood risks are influenced by urbanization, climate change, and
poor infrastructure. These studies improve understanding of flood dynamics and provide a basis for
developing better mitigation strategies.
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Figure 2.5: Flood Frequency Analysis in Algeria: Trends from 2010 to 2022 (Hafnaoui & Dabanli, 2023)

The flood frequency analysis revealed that M’sila, Djelfa, and Tebessa experienced the highest
number of floods, each with 11 events, while Tamanrasset followed with 9 floods. Batna, Tiaret,
Alger, Medea, Oran, and Tissemsilt each recorded 8 floods, and Constantine and Adrar had 7 floods.
The highest annual flood frequency was observed in Chlef, with four events occurring in 2021.

From 2010 to 2022, the analysis of flood frequency and death tolls indicated that M’sila, Djelfa, and
Tamanrasset is particularly vulnerable to flooding. This frequent occurrence in these areas is likely
due to inadequate vegetation cover, which exacerbates flood intensity. Based on the observations in
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Figure 2.5, Djelfa, M’sila, Tamanrasset, Tiaret, Batna, Oran, and Medea are identified as the
provinces most at risk for flooding (Hafnhaoui & Dabanli, 2023).

2.4 Conclusion

The increasing frequency and severity of extreme weather events driven by climate change have
highlighted the critical need for global adaptation of urban drainage systems (Dharmarathne et al.,
2024). In Africa, and especially in Algeria, this challenge is further intensified by varied climatic
conditions and rapid urban growth. Cities along the northern coast, such as Algiers, are frequently
exposed to heavy rainfall and flash floods, while the arid regions face their own challenges from
sudden intense storms following prolonged dry periods. The vulnerability of these urban areas to both
flooding and drought emphasizes the need for more resilient and adaptive stormwater management
strategies.

Algeria's urban drainage systems, like many across the continent, were not designed to handle the
increased variability in weather patterns brought about by climate change. As such, there is a critical
need for modernized infrastructure, data-driven planning, and climate-resilient designs to mitigate
flood risks and ensure the efficient management of stormwater. By incorporating both traditional
hydrological models and emerging machine learning techniques, it is possible to enhance prediction
capabilities and improve the decision-making process in managing these systems.

In conclusion, the future of urban drainage systems in Algeria and other rapidly urbanizing regions
of Africa will depend on how effectively they can adapt to the evolving climate realities. This
necessitates a comprehensive approach that combines engineering innovation with climate science
to build resilient urban infrastructures capable of withstanding the stresses imposed by climate
change.
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3.1 Introduction

Urban drainage systems are essential for managing stormwater and preventing floods in urban areas.
Traditional hydrological models and stormwater network software have played key roles in
understanding and controlling these systems. However, their effectiveness is often limited by data
reliance, model complexity, and computational challenges, making real-world application difficult.
Recent advancements in machine learning (ML) provide a promising alternative. ML algorithms,
especially ensemble learning methods, can analyze large datasets, uncover complex patterns, and
generate precise predictions, enhancing the efficiency and resilience of urban drainage systems.
This paper explores the changing landscape of urban drainage modeling, comparing the constraints
of traditional methods with the benefits of ML techniques, particularly ensemble learning models. It
discusses different ML approaches, such as supervised, unsupervised, deep learning, and
reinforcement learning, and their relevance to urban drainage. The focus is on ensemble learning
techniques, especially bagging and boosting, for improving the accuracy and reliability of flood
prediction models. Through a review of recent studies, this paper highlights the potential of ML and
ensemble learning to transform urban drainage management, leading to better flood prevention,
resource optimization, and strengthened urban resilience.

3.2 Hydrological Models Overview

A model, according to Moradkhani and Sorooshian (2009), is a simplified representation of a real-
world system. The optimal model is the one that produces results that closely align with reality while
utilising the fewest parameters and minimising model complexity. Models are mostly utilised to
forecast system behaviour and comprehend diverse hydrological phenomena. A model is composed
of multiple parameters that determine the attributes of the model. A runoff model is a mathematical
framework consisting of equations that quantify the amount of water runoff based on several
parameters that describe the features of a watershed. Both rainfall data and drainage area are essential
inputs for all models. In addition to these factors, water shed features such as soil qualities, vegetation
cover, watershed topography, soil moisture content, and characteristics of the ground water aquifer
are also taken into account. Hydrological models are currently regarded as a crucial and indispensable
instrument for the management of water and environmental resources (Devia et al., 2015).

In the field of hydrological modeling, selecting the appropriate model is crucial for accurate
simulation and prediction of water-related processes.

A deterministic model will consistently create the same result for a given collection of input values,
while stochastic models can generate varied output values for the same set of inputs. Moradkhani and
Sorooshian (2009) explain that in lumped models, the entire river basin is treated as a single unit,
ignoring spatial variability. As a result, the outputs are generated without considering spatial
processes. On the other hand, a distributed model divides the entire catchment into smaller units,
such as square cells or a triangulated irregular network, allowing for spatially varying parameters,
inputs, and outputs.

Another categorization is made between static and dynamic models, which are differentiated based
on the consideration of the time factor. A static model does not take into account the element of time,
whereas a dynamic model incorporates the concept of time. Moradkhani and Sorooshian (2009)
categorized the models as either event-based or continuous models. The former one generates output
just for certain time intervals, whereas the latter produces a continuous output.

The three major classifications in this field are empirical models, conceptual models, and physically-
based models.
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3.2.1 Conceptual Methods (Parametric Models)

This model includes all of the fundamental hydrological processes. The system has a series of
interconnected reservoirs that serve as the physical components within a catchment area. These
reservoirs are replenished through processes such as rainfall, infiltration, and percolation, and are
depleted through evaporation, runoff, drainage, and other similar mechanisms. Semi-empirical
equations are utilized for this purpose (H. V. Gupta et al., 1999).

The approach and model parameters are evaluated using both field data and calibration. A substantial
quantity of meteorological and hydrological records is necessary for the process of calibration. The
calibration process involves curve fitting, which adds complexity to the interpretation and can reduce
the model's capacity to accurately predict the impact of land-use changes, as observed in the HBV
model (Bai et al., 2019; Jehanzaib et al., 2020).

3.2.2 Physically Based Models

This is a mathematically abstract representation of the actual phenomenon. These models are referred
to as mechanistic models, as they incorporate the fundamental principles of physical processes (Bai
et al., 2019; Bin, 2015). The system employs state variables that can be measured and are dependent
on both time and space. Finite difference equations are used to represent the hydrological processes
of water transport. The calibration of the model does not necessitate substantial hydrological and
meteorological data(Beven & Binley, 1992). However, it does involve the evaluation of a large
number of factors that describe the physical characteristics of the watershed (Abbott et al., 1986)

A significant amount of data is required, including soil moisture levels, initial water depth,
geographic features, topology, and the structure of the river network. The physical model holds an
advantage over empirical and conceptual models because it includes parameters with physical
interpretations, allowing it to address various limitations. It can produce detailed information beyond
predefined boundaries and is suitable for diverse applications, as seen in models like SWMM and
HEC-HMS (Chow, Maidment, and Mays 1988).

3.2.3 Empirical or Data-Driven Models

These models rely on observations and are entirely dependent on the data available, without
consideration for the internal characteristics or processes of the hydrological system. Consequently,
they are often referred to as data-driven models (Amatya et al., 2022; Bahrami et al., 2022). These
models use mathematical equations developed from input-output time series data rather than the physical
processes within the catchment, and they are applicable only within certain limits. A classic example of this
approach is the unit hydrograph (UH).

Statistical approaches, such as regression and correlation models, are employed to define the
functional relationship between inputs and outputs. Additionally, machine learning techniques such
as artificial neural networks (ANN) and fuzzy regression are widely applied in hydroinformatics.
Examples of data-driven models include the SCS-CN method, artificial neural networks, and unit
hydrographs (Devia et al., 2015).

3.3 Overview of Stormwater Modeling Software
Stormwater models generally comprise both hydrologic and hydraulic components. Hydrologic
models focus on examining systems that govern water movement and storage, aiming to clarify the
interactions within the hydrological cycle (Solomatine & Wagener, 2011). In stormwater models, the
hydrologic aspect primarily involves rainfall-runoff processes and associated calculations.(Lind,
2015) .
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Hydrological modeling has seen significant advancements with the development and application of
various software and tools. These tools facilitate the simulation and analysis of hydrological
processes, enhancing our understanding and management of water resources.

Models for simulating stormwater quality and quantity appeared in the early 1970s, primarily
developed by US government agencies such as the USEPA (V. G. Mitchell et al., 2001; Zoppou,
2001). Since then, many urban watershed models have been created. Most of these are 1D models
based on the principles of mass, energy, and momentum conservation. These models may operate as
either event-based or continuous simulations and are designed to model urban drainage systems until
overflows from network inlets or manholes are no longer present. However, when overflows arise
from limited capacity in downstream pipes or channels, accurately representing real flood extents
with these 1D models becomes difficult.(Chatterjee et al., 2008) .

In stormwater modeling tools, flow can be represented in either 1-dimensional (1D) or 2-dimensional
(2D) formats. In a 1D flow model, velocity depends on only one dimension, such as in pipe flow,
where the flow rate is determined by the pipe's radius and a single dimension, xx (see Figure 3.1).

Conversely, 2D flow relies on two dimensions, xx and yy, to define flow behavior. (Crowe, et al.,
2010).

Figure 3.1: Dimensions in 1-dimensional and 2-dimensional flow within a pipe
To address the limitations of 1D models, 2D models or coupled 1D-2D flood inundation models,
known as distributed flood models, were developed. Recently, the availability of distributed data,
such as soil types, land use, and radar rainfall, has facilitated the development of simplified,
physically meaningful distributed hydrological models (Todini, 2007) .The Table below provides an
overview of some widely used hydrological modeling software, detailing their functionality,
components, and 1D/2D capabilities.

Table 3.1: Overview of Widely Used some Hydrological Modeling Software selected

Developed | Component | 1D/ Typical
Software By s 2D Comments Type Access Applications
Hydraulic Latest version Urban
and includes a Hydrologic drainage,
SWMM U.S. EPA hydrologic 1D GUI (SWMM | /Hydraulic Free stormwater
modeling 5.0) management
Urban
Inteorated Advanced drainage,
InfoWorks & 1D/ | modeling for | Hydrologic . stormwater
Innovyze 1D and 2D . Paid
ICM . 2D urban /Hydraulic management,
modeling . .
environments flood risk
assessment
Computation Enhanced Includes GIS | Hydrologic . Urban
PCSWMM al 1D . . . Paid .
. SWMM integration /Hydraulic drainage,
Hydraulics
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International with GIS and advanced stormwater
(CHI) and analytics analytics management
Bentle Stormwater Usiz;?fl:;dly Stormwater
StormCAD Y drainage 1D ’ Hydraulic Paid design and
Systems . focuses on .
design ) analysis
design
Comprehensiv Flood risk
Integrated e modeling for . assessment,
SOBEK Deltares water 1D/ flood risk and Hydrologllc Paid integrated
2D /Hydraulic
management water system water
analysis management
MATLAB/Sim Stormwater
Stormwater ulink based,
Lund and defines and
SEWSYS . . 1D . Hydrologic Free wastewater
University wastewater pollution .
. oy pollution
modeling sources within analvsis
catchment Y

3.3.1 Comprehensive Overview of MIKE+ for Urban Drainage and Flood Management
MIKE+ is a comprehensive platform developed by DHI that integrates various modules and tools
designed for modeling, analyzing, and managing different aspects of water systems. This includes
pipe networks, rivers, coastal areas, and more (Game et al., 2023). MIKE+ simplifies modeling by
consolidating technology, allowing users to optimize water management strategies, make informed
decisions, and enhance the sustainability and resilience of water infrastructure (DHI,2022). The
platform supports the modeling of diverse system types, including rivers, stormwater collection
systems, overland flows, and water distribution networks. It also incorporates the SWMMS5 collection
system format, allowing for effective urban drainage and stormwater management. SWMM 5:
SWMM 5 is an advanced version of the original SWMM model that includes both 1D and 2D
capabilities, enhancing its application for complex urban drainage and flood management scenarios
(USEPA, 2019).

3.3.2 Key Features of MIKE+

Usability and Flexibility: MIKE+ emphasizes user-friendly interfaces and flexible workflows,

allowing users to model complex water systems efficiently. It supports both 1D and 2D simulations,

enabling integrated modeling of stormwater and river networks (DHI,2022).

v' GIS Integration: The software offers robust GIS capabilities, allowing users to leverage spatial
data for improved analysis and visualization of water systems. This integration facilitates better
decision-making in urban drainage and flood management (DHI,2022).

v/ Data Management: MIKE+ utilizes advanced database systems (SQLite and PostgreSQL) for
efficient data handling, which is crucial for managing large datasets and complex models (DHI
2024)

v Enhanced Modeling Capabilities: The software includes modules for water quality modeling and
dynamic flood simulations, aiding in the development of climate adaptation strategies and flood
risk assessments (DHI 2024).

3.3.3 Benefits of MIKE+ for Urban Drainage Systems

Choosing MIKE+ allows you to streamline your workflow by modeling all water systems on one

platform. With MIKE+, there is no need to switch between different platforms when modeling urban

water systems, rivers, and flooding scenarios. Instead, you can integrate, model, and manage all your
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water systems, including water distribution networks, collection systems, rivers, and flooding, on a
single comprehensive platform(Boughandjioua et al. 2024).

Moreover, MIKE+ enables you to tailor your water management strategy thanks to its comprehensive
array of integrated software solutions designed for water systems. The software is built on a versatile
and scalable model manager core, allowing you to pick and choose different modules to create a
custom solution that meets your specific water management needs.

Finally, MIKE+ maximizes efficiency and sustainability through data-driven decision support. It
offers a unified suite of software solutions for water systems, centered around a flexible and scalable
model manager core. With the MIKE+ platform, you can select and pay only for the modules you
need, including options for modeling pollutant transport, sediment transport, and water quality. This
modular approach helps you make the most of your resources and improve water management
efficiently and sustainably.

3.3.4 Applications and Effectiveness of MIKE+ in Flood Management
The MIKE model suite by DHI demonstrates exceptional capabilities in flood management. Tina
Moni Boruah (2021)focuses on developing 1D and 2D hydrodynamic flood models using the MIKE
software suite by DHI. The paper emphasizes the practical application and contribution of these
models to flood management and disaster mitigation efforts. Similarly, Game et al. (2023) utilized
using DHI MIKE Plus 2023 model to develop a 1D-2D coupled model for real-time flood
management in Nice, France. The model accurately simulates and predicts flood events,
demonstrating a strong correlation between observed and predicted values. It also supports urban
development by providing real-time data.Vidyapriya and Ramalingam (2012) demonstrates the
application of MIKE URBAN software for flood modeling in an urban watershed. Their work helps
understand flood dynamics in rapidly urbanizing areas and provides valuable tools for flood
management and mitigation, enhancing the resilience of cities like Chennai to flooding events.
These studies underline the practical benefits of the MIKE model, such as improved flood
management, better understanding of urban flood dynamics, and enhanced disaster mitigation
strategies. Including explicit references and quantitative data from these studies could provide a
clearer demonstration of the software's accuracy and effectiveness in practical applications (Saheed
& Misra, 2024).

3.3.5 Limitations of Traditional Hydrological and Stormwater Models
Hydrological models and stormwater network software are essential tools for managing water
resources, but they come with various limitations that can affect their effectiveness in real-world
applications.
a) Limitations of Hydrological Models
1. Data Dependency: Hydrological models require extensive input data, including climatic, soil, and
land use data (Ramovha et al., 2024; Shahed Behrouz et al., 2020) .

2. Simplification of Natural Processes: These models are approximations of natural processes,
relying on simplified equations to represent complex hydrological dynamics. This simplification can
lead to inaccuracies, particularly when predicting responses to extreme weather events or changes in
land use.

3. Calibration Challenges: Model calibration is crucial for ensuring accuracy, but it can be complex
and resource-intensive. Models may require adjustments to input variables to align outputs with
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observed data, which can be difficult to achieve without sufficient data points. Over-calibration can
also limit the model's flexibility to predict under varying conditions(Shahed Behrouz et al., 2020) .

4. Computational Limitations: Some models may be computationally intensive, requiring
significant processing power and time, especially for high-resolution simulations. This can restrict
their use in scenarios where quick decision-making is necessary.

5. Uncertainty and Error: There is often a high degree of uncertainty associated with model outputs
due to inherent errors in input data and the modeling process itself. This uncertainty can complicate
the interpretation of results and the decision-making process based on those results (Hossain et al.,
2019; Shahed Behrouz et al., 2020).

b) Limitations of Stormwater Network Software

1. User Expertise: The effectiveness of stormwater network software can be compromised by the
user's understanding of the model. Sophisticated models may yield poor results if the user lacks the
necessary expertise to operate them effectively, leading to reliance on these tools as "black boxes"
without a proper understanding of their limitations (Ramovha et al., 2024).

2. Software Support and Updates: Not all software comes with adequate support or regular updates.
This can lead to outdated methodologies being used, which may not reflect the latest research or best
practices in stormwater management (Ramovha et al., 2024).

3. Model Specificity: Different software tools may be tailored for specific applications, which can
limit their versatility. For instance, while some models focus on urban runoff, others might be better
suited for rural settings or specific types of stormwater control measures, making it challenging to
find a one-size-fits-all solution(Ramovha et al., 2024).

4. Cost and Accessibility: Some advanced modeling tools can be expensive, both in terms of initial
purchase and ongoing maintenance. This can limit access for smaller municipalities or organizations
with constrained budgets (Ramovha et al., 2024; Shahed Behrouz et al., 2020).

3.4 Machine Learning Methods for Urban Drainage Systems

Machine learning is a branch of artificial intelligence that concentrates on creating algorithms and
statistical models that allow computers to learn from data and make predictions or decisions
autonomously, without the need for explicit programming (T. M. . Mitchell, 1997) .It involves
training models on historical data to identify patterns and make inferences or predictions about new
data.

Recent research has highlighted the growing interest in applying machine learning to urban drainage
system modeling. Several studies have explored the use of machine learning methods to improve the
operation and control of drainage systems(Meijer et al., 2023). Machine learning techniques have
been increasingly used in urban drainage systems as an alternative to classical models due to their
numerous benefits (Barua et al., 2023). These benefits include improved accuracy and predictive
capabilities (Khan et al., 2022), the ability to handle complex and non-linear relationships
(Vanpoucke et al., 2020), and the potential for real-time monitoring and control (Okoro, 2023).
Machine learning algorithms are highly effective in analyzing extensive and varied datasets, enabling
more detailed and comprehensive modeling of urban drainage systems (S. Gupta et al., 2024).
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Furthermore, machine learning methods can continuously adapt and improve with new data, making
them well-suited for dynamic and changing urban settings (Jiang et al., 2021). Overall, the use of
machine learning in urban drainage systems offers the potential for more efficient and effective
management of stormwater and flood control(Jagaba et al., 2021).

In our study, we provide a comprehensive overview of various machine learning techniques
employed to model urban drainage systems, including supervised learning, unsupervised learning,
deep learning, reinforcement learning, and hybrid methods (UDSs) (Boughandjioua et al. 2023), as

depicted in Figure 3.2.

Figure 3.2: Types of ML for UDSs

In the field of urban drainage systems, the application of machine learning techniques has grown
significantly to enhance various functionalities. These methods are employed in areas such as
stormwater management and overflow forecasting for early warning systems, demonstrating their
ability to improve the efficiency and effectiveness of urban drainage systems by utilizing the
extensive data collected from sensors installed within these systems (Di Nardo et al., 2021). Machine
learning approaches can address several important challenges faced by urban drainage systems. To
categorize the different methodologies in machine learning studies, the following sections can be
considered (Boughandjioua et al. 2023).

3.4.1 Supervised Learning
Supervised learning is a type of machine learning algorithm that learns from labeled data, as
illustrated in Figure 3.3. Labeled data consists of input data and the corresponding output labels. The
algorithm learns from the labeled data to make predictions about new, unseen data (T. M. Mitchell,
2010).
Supervised learning can be categorized into two distinct algorithmic categories:

e Regression Models: Predict continuous values, such as overflow rates or water levels.
Examples include Linear Regression (Han et al., 2011), Support Vector Regression, and
Decision Trees (Breiman et al., 2017).

e Classification Models: Categorize data into classes, such as predicting the likelihood of
system failure or overflow. Examples include Logistic Regression (Cox, 1958), Random
Forest Classifiers (Breiman, 2001), and Gradient Boosting Machines(Friedman, 2001).

The applications of supervised learning in Urban Drainage System Modeling include:

a) Predicting rainfall-runoff relationships: By analyzing historical rainfall and runoff data, a
supervised learning model can be trained to predict future runoff based on forecasted rainfall
(Gauch et al., 2020).
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b) Improving the accuracy of flood inundation mapping: By combining high-resolution

c)

topographic data and historical flood events, a supervised learning model can be trained to
predict the extent and depth of flooding for different rainfall scenarios(Prakash et al., 2021) .
Optimizing the design of drainage systems: By simulating different drainage system designs
under various rainfall scenarios, a supervised learning model can be used to identify the most
efficient and cost-effective design (Fu et al., 2022).
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Figure 3.3: Supervised Learning Process

3.4.2 Unsupervised Learning
This is a type of machine learning algorithm that learns from unlabeled data, as illustrated in Figure
3.4. Unlabeled data consists of input data without any corresponding labels. The algorithm learns
from the unlabeled data to identify patterns and structure in the data(T. M. Mitchell, 2010).

Clustering: Group similar data points, which (MacQueen, 1967) can be useful for identifying
patterns or anomalies in drainage systems. Examples include K-Means Clustering and
Hierarchical Clustering(Johnson, 1967).

Dimensionality Reduction: Simplify models by reducing the number of features while
retaining essential information. Techniques like Principal Component Analysis (PCA)
(Greenacre et al., 2022) and t-Distributed Stochastic Neighbor Embedding (t-SNE) (Van Der
Maaten & Hinton, 2008)are commonly used.

The applications of unsupervised learning in Urban Drainage System Modeling include:

a)

b)

Classifying land use types: By analyzing satellite imagery or other geospatial data, an
unsupervised learning model can be used to classify different land use types based on their
impact on runoff (Saini & Rawat, 2023)

Identifying potential sources of pollution: By analyzing water quality data, an unsupervised
learning model can be used to identify potential sources of pollution in a drainage system
(Aslam et al., 2022).

Detecting anomalies in drainage system performance: By analyzing sensor data from a
drainage system, an unsupervised learning model can be used to detect leaks, blockages, or
other anomalies(Yan & Tao, 2022) .
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Figure 3.4: Unsupervised Learning Process

3.4.3 Deep Learning
It is a type of machine learning that uses artificial neural networks (ANNs) with multiple layers to
learn from data, as illustrated in Figure 3.5. ANNs are inspired by the structure of the human brain,
and they can learn complex patterns from data (Heaton, 2018). Examples include Convolutional
Neural Networks (CNNs) (Lecun et al., 2015) for spatial data and Recurrent Neural Networks
(RNNs) (Rumelhart et al., 1986) for sequential data.
The applications of deep learning in Urban Drainage System Modeling include:

a) Enhancing Rainfall-Runoff Prediction Accuracy: The models can effectively capture the
intricate physical processes governing rainfall-runoff relationships, leading to more accurate
runoff predictions(Fu et al., 2022) .

b) Developing Real-time Control Systems for Drainage Systems: Deep reinforcement learning
(DRL) models can optimize drainage system operations in real-time, considering factors like
rainfall intensity and drainage capacity (Mullapudi et al., 2020a)

€) Automating Drainage System Inspection and Maintenance: The models can analyze sensor
data and inspection images to identify potential issues and prioritize maintenance needs
(Uludag 2022).

@ nput Layer (O Hidden Layer @ Output Layer
Figure 3.5: Deep Learning Neural Network
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3.4.4 Reinforcement Learning
This is a type of machine learning algorithm that learns by interacting with its environment, as
illustrated Figure 3.6. The algorithm learns to take actions that maximize a reward signal (Sutton &
Barto,2018.). The applications of Reinforcement Learning in Urban Drainage System Modeling
include:

a) Optimizing Pump and Valve Operation: RL models can determine the optimal operation of
pumps and valves in a drainage system, balancing stormwater removal with energy
conservation (Zhang et al., 2022)

b) Developing Adaptive Control Systems for Drainage Systems: RL models can adapt drainage
system operations to changing conditions, such as rainfall patterns or land use
changes(Mullapudi et al., 2020b).

Agent

State (s, »  Actions(a)

= Y e .
Reward (r) =3 >4
Policy ri(atist)

Environment
Figure 3.6: Enhancing Stormwater Control through Real-Time Deep Reinforcement Learning Approaches

(Mullapudi et al. 2020).

3.4.5 Hybrid Approaches
A hybrid approach in urban drainage systems combines decentralized and centralized strategies to
manage excess stormwater and enhance urban flooding resiliencel. This integrated approach aims to
address the challenges of urban water management by combining various techniques and
technologies to optimize water resources and reduce the risk of flooding(D’ambrosio et al., 2021).The
hybrid approach can be applied in urban drainage systems through the following components:

a) Decentralized Strategies: These strategies focus on capturing and storing stormwater at the
source, thereby reducing the flow of water to the centralized stormwater drainage system.
Examples of decentralized strategies include green roofs, infiltration trenches, and permeable
pavements (Bakhshipour et al., 2019).

b) Centralized Strategies: These strategies involve the use of traditional stormwater drainage
systems, such as storage and infiltration, located downstream of subcatchmentsl. These
systems help attenuate the peak flow of stormwater and reduce the risk of
flooding(D’ambrosio et al., 2021).
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c) Real-time flood forecasting: Hybrid models can be used to combine real-time rainfall data

with historical data and physical models to make more accurate predictions of flood
inundation and potential damage(Noymanee & Theeramunkong, 2019).

Table 3.2 presents a comparison of various machine learning techniques applied to stormwater

management and flood forecasting. It summarizes key studies, the datasets used, the techniques
employed, and the findings for each approach.

Table 3.2: Comparison of Machine Learning Techniques for Stormwater Management and Flood
Forecasting(Samira BOUGHANDJIOUA, 2023)

Type of .
Machine Authors Da_ta} Set Techniques Findings
. Utilized Employed
Learning
Linear regression,
Noymanee & | Water-level neural network .
. . Enhanced modeling reduces
Theeramunk | records from | regression, Bayesian runoff forecasting error
ong, 2019 2012-2016 linear regression, 9 '
boosted decision trees
H.Wang & | \\oier evels | SVM-based machine | ekélciqhtlrlegcmsioarfglurﬁgé,eil: ?:an
Song, 2020 learning method peed;
be complex.
Supervised . . . Models classify flooding
Learning Kezg';gl., ii?é?;?t" Mach&}r‘ghla%irnmg with 96.5% accuracy; false
y alert rate reduced to 25%.
- Physical-based TIOOd Model demonstrates
Dtissibe et . forecasting; .
Discharge . effectiveness and good
al., 2020 multilayer perceptron ; i
forecasting capabilities.
neural network
. Various ML Extensive ML use enhances
K}m/ogoi‘l Hydrdo;; gical techniques (ANN, performance and efficiency
' CNN, LTM) in urban drainage systems.
Rainfall
Ricilv et al intensity and Nonlinear Auto Effective in predicting
JE1Y " | water depth Regressive with changes in manhole water
2017 R :
variations in eXogenous depth during storms.
manholes
Real-time
monitoring . e
Deep Learning | Cruzetal., sensors (rain Multi-layer artlflc_lal High goodness-of-fit metrics
2018 auges, water neural network using and low RMSE
gauges, wa MATLAB '
levels, soil
moisture)
Leetal Dail Achieved forecasting
" . y Data-based methods accuracies of 94.5% and
2019 discharge data 86.2%
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Data from
Mousavi et f?:;?:#g:gg Iot'(la'c\;]vr:tohlg_oF.R%V(\aléAN Outperform traditional
al., 2021 : 100y, LIeEp models in flood detection.
Pennsylvania learning models
(2013-2019)
Combination of
J. Chenetal., Rainfall LSTM neur_al High accuracy with minimal
. networks with deviation from measured
2023 scenarios .
hydrological and data.
hydrodynamic models
. Real-time control Effectively manages
. Simulated . - .
Mullapudi et using Reinforcement stormwater control;
storm . .
al., 2020c . Learning and Deep | performance relies on reward
scenarios .
Reinforcement Neural Networks formulation.
Learning N Reduces flood volume by an
Deep Deterministic .
Bowes et al., Sensor and . . average of 70.5%;
2020 forecast data Policy Gradlf_ent comparable to passive
(DDPG) algorithm
systems.
Historical BP neural network Improved flood forecasting
Y. Wang et . . . L .
hydrological combined with a precision, integrating local
al., 2019 . . P
data genetic algorithm insights.
Rainfall and
Kan et al., ANN and K-nearest Successfully forecasts peak
antecedent . A
2020 neighbor method flow with high accuracy.
runoff
Combining hydraulic
Keum et al., Flood theory with machine | Achieves 85% goodness-of-
. 2020 databases learning; uses Latin fit in a short runtime.
Hybrid hypercube sampling
Approaches Local weather
measurements Random Forest .
Motta et al., and fire classifiers: GIS Hot High accuracy an_d developed
2021 - flood risk index.
department Spot analysis
data
Historical
Kumar & rainfall data, Neural network Delivers optimal results,
Biradar, divers model utilizing fuzzy outpacing existing
2022 duration, and | and sigmoid functions techniques.
water flow

The main components of the various machine learning methodologies employed in urban drainage

systems can be succinctly summarized as follows:

a) The Supervised Learning techniques utilize conventional ML algorithms to perform diverse
tasks, demonstrating their adaptability in tackling different aspects of flood prediction.

b) Deep Learning Techniques are highly effective in managing intricate jobs and live
monitoring, offering impressive predictive capabilities in flood forecasting situations.
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c) Reinforcement Learning Techniques are specifically designed to achieve real-time control
and have proven to be highly effective in adapting stormwater systems to prevent flooding.

d) Hybrid approaches utilize the advantages of several machine learning techniques by
integrating neural networks with genetic algorithms, expert systems, and GIS techniques. This

combination enhances the accuracy and robustness of flood prediction systems.

These studies emphasize the numerous methodologies and their efficacy in predicting floods and
managing urban drainage systems. The selection of techniques typically relies on the particular
dataset and research goals, with deep learning and hybrid methodologies commonly attaining notable

precision and efficiency.

3.4.6 Ensemble Learning Models
Ensemble learning merges the predictions of several models to improve accuracy, making it a robust

method in machine learning. This approach has two main motivations: (Cheriguene et al., 2018).

e Performance: Ensemble methods often provide better predictions and higher overall
performance than the individual models that contribute to the ensemble. (Cheriguene et al.,

2018).

e Improved Accuracy and Reliability: Different models capture various patterns within data,
and combining them creates a robust, reliable predictor. This integration is particularly
effective when achieving high accuracy is crucial, as it minimizes individual model

weaknesses and amplifies strengths (Cheriguene et al., 2018).
e Reduction of Overfitting: Using an ensemble reduces the tendency of individual models to
memorize training data, especially high-variance models like decision trees. By aggregating

predictions, ensemble models offer smoother and more generalized predictions, making
them less susceptible to noise or outliers (Cheriguene et al., 2018).

Ensemble
Learning Models
N
Bagging Boosting
B_pgh 1® gl
~ T8 g doglo ~ T8y —
p 0 nt
pnl = gl
O
o_-nph i _pgh
—| 0
lDDDlD dﬂ& lDDD ip
O “pgon E e
BN By d%% "5 mn 00 —’&05‘10
B0 =
goi m gl
Parallel Sequential

Figure 3.7: Ensemble Learning Models (ELM) - Bagging and Boosting

Methods like Bagging and Boosting achieve this through different strategies, like re-weighting
training data or creating diverse subsets of data for model training. Stacking, a third ensemble
approach, combines predictions of varied models through a meta-learner, leveraging each model’s
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unique contributions for a more comprehensive result, as shown in Figure 3.7 (Cheriguene et al.,
2019).
3.4.6.1 Bagging and Boosting Techniques
a) Bagging

The Bagging algorithm short for Bootstrap Aggregating was introduced by Breiman in 1996 as an
ensemble learning technique to reduce model variance ((Zounemat-Kermani 2017; Breiman in 1996).
This method involves training multiple models on different subsets of the training data and then
combining their predictions for a final, more stable result. Bagging achieves this by randomly
selecting subsets with replacement from the original training data (Zounemat-Kermani et al., 2021).
This means some data points may appear multiple times within a subset, while others may be
excluded entirely. Each model is trained on these unique subsets, which helps to reduce prediction
variability, as each model captures slightly different aspects of the data. This diversity is particularly
effective in mitigating overfitting, especially for high-variance models that might otherwise adapt too
closely to the training data. Bagging is widely used across domains such as classification, regression,
and time series forecasting due to its ability to generate a variety of predictions and enhance model
stability (Polikar 2009; Wu et al. 2020).
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Figure 3.8: Ensemble Learning Models (ELM) - Bagging (Zounemat-Kermani et al., 2021)

b) Boosting
Boosting is a well-established ensemble learning technique designed to improve the accuracy and
performance of machine learning models by building a series of models sequentially. The core
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concept in boosting is to enhance "weak learners" (models that perform slightly better than random
guessing) into strong learners by focusing on errors made by previous models in the sequence. Each
new model attempts to correct errors from the previous one, which makes the ensemble progressively
more accurate (Zounemat-Kermani et al., 2021).

Unlike bagging, where models are trained independently, boosting creates a dependency between
models by adjusting each subsequent model based on the performance of the last. Initially, the first
model is trained on the full dataset. Afterward, a new model is added and trained to correct the errors
of the previous one, adjusting its focus to the more challenging cases. This process continues, with
each model receiving a weighted vote depending on its accuracy. In the end, these weak learners are
combined often through a weighted majority voting mechanism to form a robust, highly accurate
model (Zounemat-Kermani, 2017).

This technique helps reduce both variance and bias and is particularly effective in preventing
overfitting in high-variance models like decision trees. Boosting is widely applied across tasks
requiring precise predictions, including classification, regression, and time series forecasting due to
its ability to manage complex patterns within datasets. (Schapire 2002; Alfaro et al. 2013). Figure 3.9
depicts the process of the Boosting algorithm.
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Figure 3.9: Ensemble Learning Models (ELM) — Boosting (Zounemat-Kermani et al., 2021)
In this study, predicting the average overflow rate in the stormwater network across varying rainfall
durations and return periods involves applying ensemble learning techniques. Specifically, the
bagging approach is implemented using the Random Forest algorithm, which improves prediction

accuracy through multiple decision trees. On the other hand, the boosting technique uses Gradient
Boosting, which refines model predictions by sequentially correcting errors in previous iterations,
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resulting in high-performance outcomes. Table 3.3 provides a detailed comparison of the key
characteristics of both Random Forest and Gradient Boosting techniques.(Salim & Bhattacharyya,
2023):

Table 3.3: Key Features of Random Forest and Gradient Boosting

Feature Random Forest Gradient Boosting
Overfitting Risk | Reduced by averaging multiple decision | Bias is reduced by sequentially building
trees, lowering overall variance and and correcting weak prediction models.
prediction error.
Accuracy High accuracy in both regression and High accuracy, especially in cases like
classification tasks. logistic regression and shallow decision
trees.
Robustness Robust to noise and missing values, Can be sensitive to noise but generally
suitable for incomplete datasets. robust through iterative correction of
errors.
Computational Moderate; depends on the number of Enhanced by selectively choosing
Efficiency trees and features. features and reducing dimensionality
during training.

3.5 Review of Ensemble Machine Learning Applications in Hydrological Systems and Flood
Modeling

Ensemble learning has emerged as a transformative tool in hydrological modeling, offering notable
improvements over traditional single-model approaches. This review examines the application of
ensemble learning in hydrology, highlighting its advantages and discussing key studies that showcase
its effectiveness. Hydrological systems are inherently complex, influenced by various factors such as
meteorological conditions, environmental changes, and human activities. Traditional hydrological
models often struggle to capture this complexity, which can lead to uncertainties in simulation results.
To address these challenges, researchers have developed diverse modeling frameworks including
physical, statistical, stochastic, mathematical, and numerical approaches that each offer unique
strengths in simulating the interactions within hydrological systems. These frameworks are essential
for accurately predicting water flow, distribution, and other hydrological processes (Yuan et al.,
2019). Recently, machine learning (ML) techniques have gained prominence in hydrological
modeling due to their capacity to handle complex, nonlinear relationships. ML techniques are
particularly valuable in hydrology for their ability to detect patterns, trends, and underlying rules
from large, intricate datasets, enhancing prediction accuracy in hydrological forecasts (Rajaee et al.,
2020; Zounemat-Kermani & Scholz, 2013). Within supervised learning in hydrology, two main
strategies stand out: standard learning and ensemble learning.

Ensemble learning techniques combine multiple models to improve predictive accuracy, making
them particularly promising for hydrological applications. These techniques mitigate uncertainties
by enhancing the performance of individual machine learning models. Ensemble methods have
proven to be effective in simulating surface hydrological processes, increasing the robustness and
precision of predictions (Adnan et al., 2021). A number of studies highlight the applications and
benefits of ensemble learning in hydrology. For instance, Zounemat-Kermani et al. (2021) provided
a comprehensive review of ensemble methodologies in hydrological modeling, illustrating how
ensemble techniques outperform traditional single-model approaches. Their review details the
ensemble process from generating base models to combining them for robust predictions and covers
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diverse applications, including river and streamflow modeling, rainfall-runoff processes,
groundwater modeling, flood susceptibility mapping, and drought forecasting. This study emphasizes
the importance of continued research into novel ensemble learning strategies to further enhance
model reliability. Recent studies reaffirm the effectiveness of ensemble learning in hydrology. For
example, Hukkeri et al. (2023) combined ensemble learning with advanced ML models to improve
meteorological drought predictions, while Dang et al. (2024) used Random Forest (RF) to capture
interactions between input variables and flood depth, resulting in accurate predictions. The
performance of RF made it an ideal candidate for urban flood depth modeling. Similarly, Chen et al.
(2018) and Hukkeri et al. (2023) showed that ensemble learning models deliver enhanced accuracy
in predicting stormwater overflow rates, underscoring the strengths of ensemble methods in flood
forecasting and management.

In conclusion, ensemble learning has proven to be a valuable approach in hydrological modeling,
enhancing predictive accuracy and robustness compared to traditional single-model methods. The
reviewed studies illustrate the diverse applications and benefits of ensemble learning in hydrology,
including flood prediction and management, groundwater modeling, and drought forecasting.
Continued research into innovative ensemble learning strategies and the integration of multiple
approaches will further improve the reliability and accuracy of hydrological models, making a
significant contribution to water resource management and disaster risk reduction. The table below
summarizes some selected studies that utilize ensemble learning in flood prediction.

Table 3.4: Review of Selected Studies Utilizing Ensemble Learning in Flood Research

Index flood . .
Shu and Burn 2004 | estimation | Bagging, Boosting |
Tiwari and . .
Chatterjee 2010 | Flood forecasting | Bagging
Li et al. 2016 Flood forecasting Boosting
Flood susceptibility . :
Lee et al. 2017 prediction Baggig, Boosting
Shafizadeh- Flood susceptibility .
Moghadam et al. 2018 mapping Boostmg
Venkatesan and . .
Mahindrakar 2019 Flood forecasting Boosting
Flash flood
Arabameri et al. 2020 susceptibility Bagging
_ modeling _
Pham et al. 2021 Flood suscgptlblhty Bagging
mapping
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The results emphasize the critical importance of ensemble learning methods in improving flood
management and mitigation strategies, showcasing their effectiveness as an alternative to traditional
models for tackling the complexities and limitations of hydrological systems.

3.6 Conclusion

This research emphasizes the transformative potential of machine learning (ML) and ensemble
modeling for managing urban drainage systems. It shows how data-driven methods can overcome
traditional hydrological model limitations, leading to more efficient and resilient hydraulic systems.
The study’s findings indicate that ML can refine flood prediction, streamline hydraulic operations,
and adapt to dynamic hydraulic conditions, also enabling automated maintenance. Integrating both
decentralized and centralized stormwater strategies enhances urban hydraulic resilience. Further
exploration of ML and ensemble techniques is essential for creating safer, sustainable urban hydraulic
net.
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4.1 Introduction

This chapter explores the intricate hydrological patterns of Bir Farina, Algeria, focusing on the
interactions between environmental factors and urban land use. It highlights the importance of
efficient stormwater management in a region with a Mediterranean climate, where fluctuations
in annual rainfall and temperature significantly affect water movement and storage. The study
aims to identify the factors contributing to flooding in the area, using advanced modeling
techniques and machine learning to improve prediction accuracy.

A central aspect of the research is the integration of hydrological and hydraulic models with
data from storm events, using MIKE+ software to simulate urban flooding scenarios. This
comprehensive analysis not only assesses the performance of the stormwater network model
but also stresses the importance of well-planned infrastructure in reducing flood risks.
Additionally, the chapter presents a new methodology, SWN-ML (Stormwater Network-
Machine Learning), which utilizes machine learning techniques to enhance overflow rate
predictions.

In conclusion, the chapter offers a detailed analysis of stormwater management in Bir Farina,
providing valuable insights for urban resilience planning and flood risk management in similar
settings.

4.2 Description of the Geographical Location and Characteristics of the Study Area

The Bir Farina study region is located in the northeastern part of Algeria, within the Azzaba
city department of Skikda. It is geographically bounded by latitudes 36°44°48.91” to
36°45°9.15” North and longitudes 7°6°52.10” to 7°7°48.69” East, as illustrated in Figure 4.1.
Covering an area of 42 hectares, Bir Farina experiences a Mediterranean climate characterized
by notably hot and dry summers as well as mild and wet winters. (Zaidi et al., 2021). In this
study, the Bir Farina area in Azzaba city has altitudes ranging from 85 m to 72 m. It receives
about 727 mm of rainfall annually, with an average temperature of around 20 °C. The land
slopes gently between 0 and 1%. Dominated by clayey loam, clay, and saline soil types, the
soils fall under categories C and D based on FAO's Land Use and Soil Maps (FAO-
s0i1lGrids250m). Land use is divided into seven types: residential, administrative, roadways,
sidewalks, green spaces, agricultural areas, and forested land. (Laouacheria and Mansouri
2015).
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Figure 4.1: Study Area Geographic Location

4.2.1 Stormwater Network Model

Accurate stormwater network data is essential for establishing the 1D-2D coupled stormwater
network model. This model is used to simulate pluvial floods and analyze the interactions
between stormwater network manholes and overland flow. The study area, covering
approximately 42 hectares, was partitioned into 97 sub-catchments using the Thiessen
polygons method. This method directs water flow towards manholes, as seen in Figure 4.2. The
average percentage of impervious area in the sub-catchments is 85%. The width of the sub
catchments ranges from 6.01 m to 118 m. The curve number ranges from 77 to 94.

The stormwater network consists of 306 manholes, each with a single outlet, and 306 pipes,
with a total length of 8.33 kilometers. All pipelines are constructed using reinforced concrete
round pipes. The pipe diameters range from 300 mm to 1400 mm, while the pipe slopes vary
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between 0.5% and 5%, as illustrated in Figure 4.3. The Manning roughness coefficient is 0.012.
Figure 4.2 shows the existing stormwater network model in MIKE+.

A

The Stormwater Network of the Study Area

R109 R255
Legend

e Manholes
— Links

@ Subcatchments
v Outlet

0,050

0065
0040

0.0%
0000

0.025

0.020
018

4010

0035

rrr

a) Slop

T
100

T
00,0

T
400

T T T

T T
2000 1000 " 1004 me 0.0

T

500 6000

T T T T T T
00 00 S0 ama Jond 00 8000 008
Im

39



Chapter 4: Study Area and Methodology

l

Diameter - TS.PRF

1000

Q) Palette @ :

140«
128
118
107
09
it
074
063
052
04
030

100 10000

EULR (1]

-MD

b) diameter

Figure 4.3: Slope and Diameter Characteristics of the Stormwater Network

4.2.2 Climate Characteristics and Hydrological Modeling for the Study Area
4.2.2.1 Climate Classification and Precipitation Data
The study area of Azzaba, located in the department of Skikda in Algeria, is characterized by a
Mediterranean climate. This climate features two distinct seasons: a mild, rainy winter and a
hot, dry summer(Zaidi et al., 2021).Climatological data from NASA Power Data, covering the
period from January 1, 1989, to December 2021, was utilized to generate Intensity-Duration-
Frequency (IDF) curves for Azzaba, situated in the Skikda province.
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Figure 4.5: Climate Data by Month: a) Temperature Averages, b) Precipitation Averages
The average annual precipitation in the region varies between a maximum of 727 mm/year and
a minimum of 26 mm/year, with an annual temperature range from a maximum of 20°C to a
minimum of 18°C, as shown in Figure 4.4. The average monthly precipitation in 2021 ranged
from a maximum of 107 mm to a minimum of 2 mm, with temperatures ranging from a
maximum of 30°C to a minimum of 13°C, as shown in Figure 4.5.

4.2.2.2 Hydrological Modeling and Design Rainfall
Hydrological modeling frequently requires the determination of design rainfall or rainfall
hyetographs. Design rainfall is essential as it establishes a relationship between rainfall
intensities and their likelihood of occurrence over a specific duration. In this research, design
rainfall was derived using Intensity-Duration-Frequency (IDF) curves, which provide a
statistical basis for understanding the frequency of various rainfall intensities over different
durations. This approach is crucial for accurately predicting stormwater runoff and managing
flood risks effectively (Maidment, 1993).

v' Composite Hyetograph:
In this study, a composite hyetograph was employed to evaluate the effectiveness of the
stormwater network by examining how the duration of rainfall affects hydraulic modeling at
the outlet. This approach is deemed more precise than a uniform distribution because it derives
maximum intensities from Intensity-Duration-Frequency (IDF) curves (Laouacheria et al.,
2019). The rainfall plot (Figure 4.6) represents return periods of 10, 20, 50, and 100 years, with
durations ranging from 2 to 4 hours. This refined methodology enhances the understanding of
hydrological behavior and supports more accurate simulations, ultimately leading to improved
stormwater management strategies (Vu et al., 2018)
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Figure 4.6: Rainfall Hyetograph Composites for 2-Hour (a), 3-Hour (b), and 4-Hour Durations

4.3. MIKE+ Modeling Approach

MIKE+ is an advanced water decision-support software used for modeling various water
systems, including rivers, collection systems, and overland flows. The software supports
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SWMMS for collection systems and water distribution, and provides a comprehensive Model
Type Editor to manage and customize features and modules. The key features activated for
SWMMS collection system models include:
e Collection System Network: Models hydrodynamics of urban storm drainage and
wastewater collection networks.
e 2D Overland Flow: Simulates surface flooding resulting from surcharging pipe
networks.
The MIKE+ model demonstrates considerable effectiveness in flood forecasting, especially
when integrated with machine learning techniques (Dang et al., 2024). n this research, MIKE+
was employed to analyze urban flooding and to simulate the depth of inundation caused by
manhole overflows within the stormwater network of Bir Farina, Azzaba City.

4.3.1 Selection of Models for Urban Stormwater Overflow Prediction
The SWMMS Collection System model and the 2D Overland Flow model within MIKE+ were
selected for their ability to handle complex interactions between stormwater systems and
surface flows (DHI, 2023). These models are adept at simulating both hydrological and
hydraulic processes, essential for understanding and predicting urban flood behavior.

a) Hydrologic and Hydraulic Modeling
Hydrologic models study the movement and storage of water within the hydrological cycle
and focus on rainfall-runoff processes. For this study, the SCS-CN (Soil Conservation Service
Curve Number) method was used. This method estimates runoff based on the water balance
equation (Eslamian et al., 2024)

, with the primary formula:
(P —Ia)?
C=p Tars (4.1)
Where,
Q = actual runoff in mm
P = Average Rainfall in mm
Ia = Initial abstraction representing all the losses before the runoff begins and is given by the
empirical equation.
S = Potential infiltration after the runoff given by following equation (Sifa et al., 2023)

25400
~ CN

—254 (4.2)

After substituting Ia = 0.2S into the primary equation:

2
_ (P—-0.29) 4.3)
P—-0.8S
For, P>1a (0.2S) which is Otherwise Q = OCN represents the runoff potential of land cover-
soil complex characteristics, impacted by antecedent moisture conditions (AMC) of soil and
land use management.

Hydraulic models calculate water flow and pressures in pipes and channels. They are critical
for the design and analysis of sewer systems. In this study, the dynamic wave model was
employed, which uses the full Saint-Venant equations to account for inertial, pressure, gravity,
and friction forces. The model consists of:
v Continuity Equation:
JdA dQ

E-I_&_O (4.4)

43



Chapter 4: Study Area and Methodology

Where:

- A = cross-sectional area of flow (m?)

- Q = flow rate (m?/s)

- x = longitudinal distance along the channel (m)

- t = time ()
v Momentum Equation:

The momentum equation, which describes the conservation of momentum, includes the effects
of inertia, pressure, gravity, and friction (Thi, 2008)

. It is expressed as:

aA+aQZ+ A(So+S¢) =0 4.5

Where:
- g = acceleration due to gravity (m/s?)
- So= slope of the channel bed
- §¢= slope of the energy grade line

Together, the continuity and momentum equations form the Saint-Venant equations, which
describe unsteady open channel flow. They are essential for modeling flood waves, dam breaks,
tidal bores, and other rapidly varying flows (Mujumdar 2001).
b) Calibration

The MIKE+ model was calibrated using data on water depth from the storm event of February
4, 2019. Calibration was performed based on the coefficient of determination (R?) to ensure
that the model predictions accurately represented observed data, providing reliable insights into
the performance of the stormwater network under extreme weather conditions.

4.4 Machine Learning Approaches
In our research for predicting overflow rate averages simulated by MIKE+ models, we used
ensemble learning models, specifically Random Forest and Gradient Boosting, as well as
classical machine learning models, including Linear Regression and Neural Networks.

4.4.1 Artificial Neural Networks (ANN)
Artificial Neural Networks (ANNSs) are machine learning models inspired by the human
brain, designed to recognize patterns and make predictions from complex data (Guresen &
Kayakutlu, 2011; Tian et al., 2020; Yang & Yang, 2014). An ANN consists of interconnected
artificial neurons that process data and generate outputs (Walczak & Cerpa, 2003; Tian et al.,
2020). Key components of an ANN include:

e Input Layer: Collects raw data or features to be processed by the network (Tian et
al., 2020).
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o Hidden Layers: Perform data transformations and capture complex, non-linear
patterns by applying activation functions to the weighted sum of inputs (Walczak &
Cerpa, 2003; Tian et al., 2020).

o Output Layer: Produces the final output based on the network's calculations (Batina
etal., 2019).

Neural Network

Hidden

Laver

Input
Lawer

Output
Laver

Figure 4.7: Neural network diagram
4.4.2 Linear Regression (LR)
Linear regression is a supervised machine learning algorithm that establishes a linear
connection between a dependent variable and one or more independent variables by fitting a
linear equation to the data observed. This technique helps in predicting outcomes based on the
relationship defined by the fitted equation, making it a fundamental method in predictive
modeling and statistical analysis (GeeksforGeeks,2024).

Simple Linear Regression refers to a scenario where there is a single independent
variable. This represents the most basic form of linear regression, which involves only one
dependent variable and one independent variable.

Multiple Linear Regression involves the use of two or more independent variables to
predict the outcome of one dependent variable. This method allows for more complexity as it
can account for multiple factors influencing the dependent variable (GeeksforGeeks,2024).

4.4.3 Random Forests

Random Forests (RF), introduced by Breiman (2001) , are popular ensemble learning
algorithms that use multiple decision trees as their base learners. Each tree in a Random Forest
model is trained on a different bootstrap sample, meaning that samples are randomly selected
with replacement from the main dataset. This method enhances the diversity among the trees
by introducing randomness in the selection of features used at each split, allowing each tree to
be trained on a unique subset of the data.

Random Forests can handle both classification tasks, where they predict categories, and
regression tasks, where they predict continuous values. By aggregating the outputs from
multiple trees, Random Forests reduce the risk of overfitting, a common issue with single
decision trees. This approach generates a more stable and generalizable model as it averages
or votes on individual predictions. The RF algorithm proceeds through several key steps: first,
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it draws random bootstrap samples from the dataset. For each sample, a decision tree is built,
and predictions are generated. Finally, the model aggregates these predictions through majority
voting (for classification) or averaging (for regression), producing the final result based on the
most popular outcome. This ensemble technique is thus recognized for improving predictive
accuracy and robustness (Breiman, 2001; Cutler et al., 2012; Salim & Bhattacharyya, 2023).

Random Forest

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

\—bl Majority Voting/AveraMJ

Final Result

Figure 4.8: Random Forest algorithms
4.4.4 Gradient Boosting

Gradient boosting is a machine learning technique introduced by Leo Breiman and Jerome H.
Friedman (Friedman, 1999) .It is a method for improving the accuracy of predictions made by
models. The core idea behind gradient boosting is to iteratively add new models (typically
decision trees) to correct the errors made by the previous model(s) in the sequence. This
ensemble learning approach enables gradient boosting to deliver robust predictive performance
across a wide range of tasks. The key components of gradient boosting algorithms include weak
learners (typically decision trees), a loss function that guides the learning process, and an
additive model structure. The input to a gradient boosting algorithm is a labeled dataset, and
the output is a predictive model that can be used to make inferences on new, unseen data
(Friedman, 2001).
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Figure 4.9: Gradient Boosting Model Workflow

4.5 Hyperparameters of Applied Machine Learning Models

Table 4.1 provides the hyperparameters for the machine learning models used in this study,
including ensemble methods and traditional models like Linear Regression and Neural
Networks. Each model, configured with specific parameters, is applied to a dataset with 306
records and feature variables such as Peak Flow, Max Depth, Length, Slope percentage,
Roughness, and Diameter, targeting the average Overflow Rate. These configurations,
optimized through iterative testing, significantly impact the predictive performance of each
model, showcasing their efficiency in the current analytical environment.

Table 4.1: Hyperparameters of Applied Machine Learning Models

Data Machine Learning hodels Model parameters
Mhonber of Trees: 204

Mlaximal Mumber of Considerad
Feamres: 4

Fandom: Forest Eeplicable Training: Ves

Biaximal Tree Depth: Unlimited

Stop Splitineg Modes with Raxinnmm
Instances: 19
Method: Gradient Boosting (cathaast)

Mumber of Traes: 10

Data i as- 306 Leaming Fate: 0.315
Features: Deak Flow [m3/s], Max Gradisnt Boosting Replicable Training: Yes

dapth[m], Length[m], *t&lope, Bdaximnun Tree Depth: 3
Fooughnass, Diameterm]

Target: Ovarflow rate averags [m/'s]

Regularization Strangth: 0.7

Fraction of Feanires for Each Tres: 0.3
Hidden Layers: 450

Activation: FeLu
Solver: Adam
Alpha- 0.4
Max Iterations: 900

Meurzal Metwork

Feplicable Training: Ves
Fegularization: Fidge Fegreszion (L2)
with o=0.015

Linear Fegreszion

Fit Intercept: Yes
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4.6 Performance Metrics
In the realm of statistical analysis and machine learning, evaluating predictive models is
essential for understanding their performance and reliability. Various metrics are employed to
assess how well a model predicts outcomes based on given input data. Understanding these
metrics enables researchers and practitioners to make informed decisions when selecting and
fine-tuning their models. Among the most commonly used evaluation criteria are Mean
Squared Error (MSE), Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), R-
squared (R?), and the Pearson Correlation Coefficient (r). Each of these metrics provides unique
insights into different aspects of model accuracy and predictive power. Mean Squared Error
(MSE) measures model accuracy by calculating the average of the squares of the differences
between actual and predicted values. The formula for MSE is given by (Lu et al., 2023):
V)2
MSE = 20— V) (4.8)
N
Lower MSE values indicate better model performance. Mean Absolute Error (MAE) offers a
similar assessment by averaging the absolute differences between actual and predicted values,
providing insight into overall prediction error without regard to direction:
2(Yi—Y)

MAE = ——— 4.
3 (4.9)

Root Mean Squared Error (RMSE) refines this by taking the square root of MSE, allowing for
interpretation in the same units as the original data and representing the standard deviation of
prediction errors:

Y(Y; — Y)?

RMSE = —N (4.10)

R-squared (R?) measures the proportion of variance in the dependent variable explained by the
independent variables in a regression model. It indicates the model's goodness of fit, with
values ranging from 0 to 1; higher values suggest better explanatory power (Chicco et al.,
2021):
2 Z(Xl - Y)Z
X(Y-Yy)
Finally, the Pearson Correlation Coefficient (r) quantifies the linear relationship between two

variables, with values ranging from -1 to +1, where +1 indicates perfect positive correlation, -
1 indicates perfect negative correlation, and 0 signifies no correlation (Mukaka, 2012):

(4.11)

K- DX %=V
\/Zi(xi —X)% x %i(Y; — Y)?

(4.12)

Where:

N: Total number of observations.

Yi: Observed value.

Y : Predicted value.

X; and Y; :Individual data points.

X and Y : means of X; and means of Y] respectively

Together, these metrics provide a comprehensive framework for evaluating model performance
and understanding relationships between variables, ultimately leading to improved decision-
making and more robust predictions.
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4.7 Method for Extracting Feature Importance (MSE Method)
Feature importance is a method used in machine learning to assign numerical values to input
features based on their effectiveness in predicting a target variable, as shown in the Figure 4.10.
These values establish a hierarchy, enabling you to determine which features have the greatest
impact on your model's predictions (Kolena, 2024). Various techniques are used to calculate
these importance scores, including decision trees, linear models, neural networks (Azaria,
2022), and ensemble methods such as Random Forest and Gradient Boosting (Huang et al.,
2024). Additionally, methods like Mean Squared Error (MSE) are employed to evaluate feature
importance (Shin, 2023). These scores help rank features based on their contribution to the
final prediction and are valuable for:
e Feature Selection: Identifying and selecting the most relevant features to reduce
dimensionality, noise, and enhance model interpretability.
e Model Interpretability: Understanding which features influence the model's predictions
and gaining insights into data relationships.
e Model Debugging: Identifying features that may be causing issues and affecting model
performance.
e Improving Model Performance: Removing less important features to reduce overfitting
and training time (Kolena, 2024).
The Mean Squared Error (MSE) method for extracting feature importance is widely used in the
context of ensemble learning models, particularly when dealing with regression tasks (Azaria,
2022). Here's a structured explanation of the methodology used to extract feature importance
from ensemble learning models using the MSE method.

a) Model Training: Train the ensemble learning models (Random Forest and Gradient
Boosting) on the dataset containing six input features. This process involves fitting the
models to the training data to learn the relationships between the features and the target
variable (Islam & Rony, 2024).

b) Model Evaluation: Evaluate the model's performance on a validation dataset to
calculate the baseline Mean Squared Error (MSE). This value serves as a reference for
assessing the impact of individual features.

¢) Feature Permutation: For each of the six features, permute (shuffle) its values across
all instances in the validation set. This randomization breaks the relationship between
the feature and the target variable while keeping other features intact.

d) Recalculate MSE: Use the trained model to make predictions on the modified dataset
(with the permuted feature) and compute the new MSE.

e) Importance Score Calculation: Calculate the importance score for each feature based
on the increase in MSE due to the permutation. The formula is as follows:

Importance(Xi) = MSEpermuted — MSE baseline

A higher increase in MSE indicates greater importance of the feature (Shin, 2023).
f) Statistical Analysis: Repeat the permutation process for each feature multiple times
(in this case, 10 permutations) to obtain a mean and standard deviation as of the
importance scores for each feature. This helps quantify the reliability of the importance
estimates.
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Figure 4.10: Method for Extracting Feature Importance
In this work, we extract feature importance using the MSE method for a 2-hour rainfall duration
across return periods, as shown in Figures 5.15 to 5.18. We also provide the mean and standard
deviation for the top three features, as shown in Figures 5.19 to 5.21.

4.8 Proposed Methods

In this study, we introduce a novel methodology called SWN-ML (Stormwater Water Network-
Machine Learning), which is illustrated in the flowchart depicted in Figure 4.11.
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Sections A, B, C, and D outline the different phases or components of a study or research
methodology that incorporates classical modeling along with ensemble method-based machine
learning. Below is a brief summary of each section as illustrated in Figure 4.11.

4.8.1 Section A: Simulation Using MIKE+ Software

This section outlines a simulation conducted using MIKE+ software, which incorporates the SWMM
5 model for managing collection systems and overland flows. The SWMM network included 306
manbholes, 306 links, 97 subcatchments, and one outlet, mirroring the network design utilized in the
study by Laouacheria et al. (2019). Calibration of the model was performed using only the observed
data for water depth at the outlet during the storm event on February 4, 2019. The effectiveness of
the calibration was evaluated using the Coefficient of Determination (R?), as illustrated in Figure 5.1.
The simulation integrates time series rainfall data with durations of 2, 3, and 4 hours, represented as
a composite hyetograph. For each rainfall duration, return periods of 10, 20, 50, and 100 years were
considered. The SWMM hydrological model, combined with the SCS CN infiltration method and the
dynamic wave hydraulic model, was utilized to simulate the average overflow rate using the MIKE+
software. These simulations account for different rainfall durations and return periods.

4.8.2 Section B: Investigation of Machine Learning Algorithms

This section primarily aims to explore various machine learning methods, including ensemble
learning models such as Random Forest and Gradient Boosting, alongside traditional techniques like
Artificial Neural Networks (ANN) and Linear Regression. The objective is to accurately predict the
average overflow rate.

a) Database Construction for Machine Learning Models
In this study, we established a comprehensive numerical database tailored for ensemble learning
models applied to stormwater networks. This database encompasses data from 306 manholes and
links, with six key features. The input variables include Peak Flow (calculated using the Rational
Method) in m?*/s, Maximum Depth in meters, and link attributes such as Length (m), Slope (%),
Roughness, and Diameter (m). The target variable, Average Overflow Rate, was derived from
simulations using MIKE+ models.

b) Data Analysis and Insights:
In the first phase, the data is examined to gain a comprehensive understanding of the various attributes
of the stormwater network and the potential for overflow issues. The Minimum and Maximum Values
Overview for the dataset, as shown in Figure 4.12, along with the Pearson Correlation Heatmap of
hydrological parameters and average overflow rate, depicted in Figure 4.13, presents an analysis of
key metrics such as peak flow, depth, slope, and diameter. These metrics are utilized to evaluate the
complexities of the system and assess the factors contributing to overflow risks.
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Figure 4.12: Minimum and Maximum Values Overview for Dataset

53



Chapter 4: Study Area and Methodology

Correlation Heatmap

100

-0.372 -0.145 0.211 -0.236 0.142 -0.260

Length[m] 1.000
%Slope —‘ -0.372 1.000 -0.299 -0.807 -0.242
\— -0.50
Roughness - -0.145 -0.299 1.000 0.472 -0.309 0.465 -0.394
-0.25
Diameter[m] - 0.211 -0.807 0.472 1.000 -0.213
- 0.00
Peak Flow [m3/s] - -0.236 -0.242 -0.309 -0.213 1.000 -0.222 0.800
-—0.25

0.75

0.775 -0.097

i

0.974

Max depth[m] - 0.142 0 0.465 -0.222 1.000
—0.50
Overflow Rate Average[m?/s] - -0.260 -0.097 -0.394 0.800 103 1.000
—0.75
| | I I N B
= u v —_ =
£ g g E F E
£ [ £ £ E e
o = o g o
c = g % 2
g 2 K= w é
(=) % =
il
&

Overflow Rate Average[m?/s]

Figure 4.13: Pearson Correlation Heatmap of Hydrological Parameters and Overflow Rate Average

The data presented in Figure 4.12 reveals the minimum and maximum values, which are essential for
understanding the range, variability, and extremes of the dataset. This knowledge is crucial for
analyses, such as assessing the risk of overflow in a stormwater network. These values provide a
quick overview of the data's distribution and can be instrumental in identifying outliers or anomalies.
Additionally, the Pearson Correlation Heatmap highlights key relationships, such as the strong
positive correlation between diameter and peak flow, as well as the negative correlation between
roughness and flow capacity. These correlations are valuable for identifying the main factors
influencing overflow and can assist in optimizing the system.

The decreased peak flow rates in the study area are affected by various factors, such as the design
and capacity of the stormwater network, changes in land use resulting from urbanization, and the
implementation of stormwater management practices.(Diogo & do Carmo, 2019; Laouacheria &
Mansouri, 2015). The approach to urbanization in the study area has incorporated green
infrastructure, which plays a crucial role in alleviating the impacts of increased impervious surfaces.
Parks, open spaces, and other green areas function as natural sponges, soaking up rainfall and
diminishing the volume of runoff that flows into the stormwater system.(Laouacheria et al., 2019).
Furthermore, the fluctuations in annual precipitation are a key factor in influencing peak flow rates.
A decrease in the intensity of rainfall or a reduction in the occurrence of heavy storms in the area
would naturally lead to lower peak flows. Additionally, the duration of storms is important; shorter
and less intense storms produce less runoff, resulting in smaller peak flows. The wide range of
simulated overflow rates highlights the necessity of effective modeling techniques for accurately
predicting and managing stormwater overflow events.
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¢) Data Normalization and Preprocessing:
At this stage, the dataset is scaled to a range of [0-1] in order to provide equal representation of
variables. Normalization is a technique that prevents certain variables from having an excessive effect
on a model because of their bigger scale. It achieves this by taking into account the wide range of
values that these variables can have. In the provided dataset, the variable 'Peak Flow [m?/s]' has a
range of values from 2.20E-05 to 0.0516929, whereas the variable 'Length[m]' has a range of values
from 11.7 to 66.9. This technique provides that each variable contributes proportionally to the
ultimate forecast, taking into account the underlying patterns in the data.

d) Model Training and Validation:
The study used data from 2-hour rainfall durations across different return periods. In machine
learning, cross-validation is a method to evaluate a model’s performance on unseen data by dividing
the dataset into several parts, or folds. For this study, five-fold cross-validation was applied, where
each fold took turns serving as the validation set while the model was trained on the remaining folds.
This process was repeated, with each fold acting as the validation set once, and the results were
averaged to yield a more reliable measure of the model’s performance.(GeeksforGeeks, 2023).
The main goal of cross-validation is to prevent overfitting, which occurs when a model is overly
tailored to the training data, resulting in poor performance on new, unseen data. By evaluating the
model across multiple validation sets, cross-validation provides a more precise assessment of the
model’s ability to generalize, ensuring it performs effectively on new data. (GeeksforGeeks, 2023).

e) Model Evaluation and Selection:
In this study, we used MAE, MSE, and RMSE to evaluate performance. The best-performing
algorithms were selected to predict overflow rates for different rainfall durations and return periods.

4.8.3 Section C: Predictive Modeling Using Ensemble Learning Models
In this section, we forecast outcomes for varying rainfall durations (2, 3, and 4 hours) and return
periods (10, 20, 50, and 100 years) using the top-performing model identified in Section B, which
includes ensemble techniques like GB and RF. The models' effectiveness is evaluated using standard
metrics: RMSE, MAE, MSE, and r.

4.9 Conclusion

In conclusion, the study of Bir Farina's stormwater network and its characteristics has led to the
development of a comprehensive database and the application of machine learning algorithms. By
utilizing ensemble learning models and traditional approaches, the research aims to accurately predict
average overflow rates. The proposed SWN-ML methodology, which integrates MIKE+ software and
machine learning techniques, offers a novel approach for simulating and analyzing stormwater
network behavior. The study's findings contribute to improved flood risk management and urban
resilience planning, providing valuable insights for future research and practical applications in the
field of hydrological forecasting.
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Chapter 5: Results and Discussion

5.1 Introduction

Urban stormwater management has become increasingly critical due to rapid urbanization and
climate change, which have intensified the frequency and severity of flooding events (Wang et al.
2022). Effective management of stormwater systems requires accurate predictions of overflow rates,
particularly under extreme weather conditions. Traditional physical-based models, such as MIKE+,
have been widely used to simulate hydrological and hydraulic processes within urban drainage
networks. However, these models often face limitations due to their reliance on extensive observed
data, which may not always be available, and their complexity in capturing the nonlinear interactions
between various factors influencing stormwater overflow.

In recent years, ensemble learning approaches have emerged as powerful tools for predicting urban
stormwater dynamics and offer a viable alternative to classical hydrological models (Zounemat-
Kermani et al., 2021). Techniques such as Random Forest and Gradient Boosting have demonstrated
their ability to handle complex datasets and provide accurate predictions even in data-scarce
environments. The integration of ensemble learning models with traditional physical-based
simulations offers a promising avenue for enhancing the accuracy and reliability of flood predictions,
ultimately contributing to more effective flood risk management strategies.

An important aspect of improving model performance is understanding the relative importance of
different features in influencing stormwater overflow predictions. This study employs the Mean
Squared Error (MSE) method to assess feature importance within ensemble learning models. By
evaluating the impact of various factors on the accuracy of predictions, this approach helps identify
key variables that significantly affect overflow rates. The findings from this analysis provide valuable
insights into the sensitivity of hydraulic systems to different rainfall durations and impact factors on
stormwater networks.

This chapter presents an in-depth analysis of the experimental results obtained from both physical-
based and ensemble learning models. The performance of MIKE+ simulations is evaluated based on
their ability to replicate observed water depths, while the effectiveness of ensemble learning models
is assessed through various metrics, including Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), and Mean Absolute Error (MAE). The findings underscore the importance of integrating
ensemble learning approaches as an alternative to traditional hydrological models to improve the
prediction and management of stormwater overflow in urban areas.

5.2 Calibration of Physical-Based Models

Due to the absence of observed flow data at the outlet, the only available data for water depth at the
outlet, obtained from the rainfall event on February 4, 2019 (47.50 mm) at the Azzaba gauge station,
was used to calibrate the model. This rainfall event is estimated to have a recurrence period of around
50 years. To evaluate the model's accuracy, the observed water depth was compared with the
simulated water depth at the outlet point. The results demonstrated a strong correlation between the
observed and simulated water depths, with an R? value of 0.904 (Figure 5.1).
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Figure 5.1: Scatter Plot Representation of Observed and Simulated Water Depth Measurements
5.3 MIKE+ Model Scenario Simulations
5.3.1 Scenario Simulation for a 2-Hour Rainfall Duration

This section focuses on the analysis and evaluation of the average overflow rates that were simulated
by MIKE+ models throughout a 1-day simulation period. The overflow rate represents the volume of
water exceeding the capacity of the stormwater network within a specified time period. This analysis
covers rainfall durations of 2 hours, 3 hours, and 4 hours, as illustrated in Figures 5.2, 5.3, and 5.4.
The results will inform the development of a new model using ensemble machine learning techniques
to predict average overflow rates. Understanding the dynamics of capacity flow and detecting
overflow spots within the stormwater network during flood events is essential. These valuable
observations are crucial for improving flood risk management by identifying locations that are prone
to flooding.

In this work, we have summarized the findings in Tables 5.1 to 5.3 for each rainfall duration across
different return periods in all simulation scenarios, based on Figures 5.2 — 5.4. The average overflow
rate represents the amount of water exceeding the network’s capacity, which could potentially lead
to flooding. An overflow rate of 0 m*/s indicates no flooding. Overflow rates ranging from 0 to 10
m?/s are considered moderate, while an average overflow rate of 10 m?/s within the stormwater
network indicates severe flooding.
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Figure 5.2: MIKE+ Simulation of Average Overflow Rates (m?/s) in Stormwater Network for 2-Hour
Rainfall Durations and Different Return Periods :(a) 10 Years, (b) 20 Years, (¢) 50 Years, (d) 100 Years
Table 5.1: 2-Hour Rainfall Duration: Average Overflow Rates Across Multiple Return Periods

Return
Category Period Re rfa:soelr?{ation Nodes ORVaer:ﬂ: \Evmlj/a;;e
(Year) P g
10 Violet, Blue Dark Below -2 to 0-1
20 Violet Below 0 to 0-1
Low Overflow Rates

100 Blue Dark, Violet Be'o""l"f t00-

10 Blue Bzzrévfree”’ 120 9-10

Moderate Overflow

Rates (1 més - 10 20 Blue Dark, Green R13%2R22746’ R247, 1-2 10 9-10

md/s) 50 Blue Dark, Green , et 1-2 to 9-10
100 Blue Dark, Green 0-1.5t09-10.5
10 Orange, Red, R45, R198, R71,R9 | 10-11 to 12-13

Green, Yellow
20 ng%”’(; g'n'g‘é" RO, R71, R198, R45 | 10-11 to 14-15
M%'tre'l”(r: S)V;Z‘;'S‘)’W 50 Green, Yellow, | R285,R1,R62,R148, | .o 1o oo
Red, Orange R9, R71, R198, R45
R164, R4, R285, R1,
100 Géi%”’c; Zﬂo‘é" R62, R148, R9, R71. 10'5'121? 16.5-
» rang R198. R45

The Table 5.1 illustrates the scenario for a 2-hour rainfall duration across various return periods and
the corresponding ranges of average overflow rates, as shown in the figure. Below are some

observations based on the provided data:
e Low Overflow Rates (< 1 m%s): For a 10-year return period, overflow rates range from
below -2 to 0-1 m?/s, suggesting minimal overflow with violet and blue-dark colors. For
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longer return periods, overflow rates increase slightly, indicating a gradual rise in overflow
risk.

Moderate Overflow Rates (1 m*/s - 10 m?*/s): Rates range from 1-2 to 9-10 m?*/s for the 10-
year return period, remaining consistent across different return periods, with slight increases
in extreme scenarios.

Maximum Overflow Rates (> 10 m?/s): Overflow rates vary from 10-11 to 12-13 m?/s for a
10-year return period, increasing with longer return periods, indicating heightened overflow
risk during extreme events.

5.3.2 Scenario Simulation for 3-Hour Rainfall Duration

In this

simulation, 3-hour rainfall durations with return periods of 10, 20, 50, and 100 years were

considered (see Figures 5.3(a), 5.3(b), 5.3(¢c), and 5.3(d) respectively). We have also summarized the
key findings in the table.

A
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Figure 5.3: MIKE+ Simulation of Average Overflow Rates (m?3/s) in Stormwater Network for 3-Hour
Rainfall Durations and Different Return Periods : (a) 10 Years, (b) 20 Years, (c) 50 Years, (d) 100 Years
Table 5.2: 3-Hour Rainfall Duration: Average Overflow Rates Across Multiple Return Periods

Return Color Overflow Rate
Category Period Representation Nodes Average Range
(Year) P (m3/s)
10 Violet Below 0 to 0-1
Low Overflow 20 Blue Dark, Violet Below -4 to 0-1.5
Rates (< 1 m¥s) 50 Blue Dark, Violet | 2 % RO R8 1 ete 1 410 0-1.5
100 Blue Dark, Violet Below -3 to 0-1.5
10 Blue Dark, Green | R130, R246, R247, 1-2 t0 9-10
20 Blue Dark, Green R227, etc. 0-1.5t0 7.5-9
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Moderate 50 Blue Dark, Green 1.5-3t0 9-10.5
Overflow Rates (1
me/s - 10 m? /s)( 100 Blue Dark, Green 0-1.5 to 9-10.5
10 Orange, Red, | p4s R198 R71,RO | 10-11 to 14-15
Green, Yellow
20 Green, Yellow, | po R71, R198, R45 | 9-10.5 to 15-16.5
Maximum Red, Orange
Overflow Rates (> Yellow, Red, R285,R1, R62, 10.5-12 to 16.5-
10 m?/s) >0 Orange R148, R9, R71, 15
R198, R45
R164, R4, R285
Green, Yellow, ) ’ 10.5-12 to 18-
100 Red, Orange R1, R62, R148, R9, 19.5

R71, R198, R45

The Table 5.2 also outlines the scenario for a 3-hour rainfall duration. Key observations are:

e Low Overflow Rates (< 1 m3/s): For the 10-year return period, rates range from below 0 to
0-1 m?¥/s, indicating minimal overflow. As the return period increases, the range widens
slightly, reflecting a higher potential for overflow in less frequent events.

e Moderate Overflow Rates (1 m3/s - 10 m3/s): Rates are between 1-2 and 9-10 m3/s for a 10-
year return period, showing consistent risk with slight adjustments in longer return periods.

e Maximum Overflow Rates (> 10 m?*s): Overflow rates range from 10-11 to 14-15 m?*/s for
a 10-year return period, increasing significantly with longer return periods, highlighting
substantial overflow potential in severe events.

5.3.3 Scenario Simulation for a 4-Hour Rainfall Duration

Overflow Rate Average in Stormwater Network
(4-hour rainfall duration ,10-year return period)
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Figure 5.4: MIKE+ Simulation of Average Overflow Rates (m?/s) in Stormwater Network for 4-Hour
Rainfall Durations and Different Return Periods: (a) 10 Years, (b) 20 Years, (¢) 50 Years, (d) 100

Years

Table 5.3: 4-Hour Rainfall Duration: Average Overflow Rates Across Multiple Return Periods

Return Color Overflow Rate
Category Period Representation Nodes Average Range
(Year) b (m3s)

10 Blue Dark, Violet Below -6 to 0-1.5
Low O;/erflc;w Rates 20 Blue Dark, V!olet R274. R6, R8L, etc. Below -3 to 0-1.5
(£ 1 mYs) 50 Blue Dark, Violet Below 1.5 to 0-1.5
100 Blue Dark, Violet Below 1.5 to 0-1.5

10 Blue Dark, Green 0-1to0 10.5-12

M;{it;ga(tle rg;;g':fll%w 20 Blue Dark, Green | R130, R246, R247, 0-1.5t0 9-10.5

mé/s) 50 Blue Dark, Green R227, etc. 0-1.5t09-10.5

100 Blue Dark, Green 0-1.5t0 9-10.5
10 C(E)r ;Z’;ge\(gfgw R45, R198, R71, R9 | 9-10.5 to 15-16.5
20 Green, Yellow, | oy p71 R198, R45 | 105-12 to 18-19.5

Red, Orange
Maximum Overflow Green. Yellow R285, R1, R62,
Rates (> 10 m3/s) 50 Red 'Oran e ! R148, R9, R71, 9-10.5t019.5-21
» Orang R198, R45
R164, R4, R285, R1,
100 GFrfe‘fj”'gr Z'r:o‘év R62, R148, R9, R71, | 9-10.5 0 19.5-22
» Orang R198, R45

For a 4-hour rainfall duration, the Table 5.3 details the following:
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e Low Overflow Rates (< 1 m?/s): Overflow rates range from below -6 to 0-1.5 m?/s for a 10-
year return period, indicating minimal overflow. The range for longer return periods shows a
slight increase in overflow risk.

e Moderate Overflow Rates (1 m*/s - 10 m3/s): Rates vary from 0-1 to 10.5-12 m3/s for a 10-
year return period, with consistent values across different return periods.

e Maximum Overflow Rates (> 10 m3/s): Overflow rates increase from 9-10.5 to 15-16.5 m3/s
for a 10-year return period, reaching up to 19.5-22 m?/s for a 100-year return period, reflecting
the highest potential for overflow.

The analysis shows that as the return period increases, the potential for overflow rates grows across
all rainfall durations. This is evident in both moderate and maximum overflow categories.
Understanding these trends is essential for evaluating the capacity and resilience of the stormwater
network and designing effective flood management strategies.

The sensitivity analyses reveal key parameters affecting hydraulic sensitivity in the stormwater
network. Factors such as rainfall duration, return period, and network capacity significantly influence
overflow rates. Variations in these parameters can lead to substantial differences in overflow risk,
which underscores the need for robust models to account for different scenarios.

Key parameters impacting hydraulic sensitivity include:

o Rainfall Duration: Longer durations increase the volume of runoff, leading to higher
overflow rates. This highlights the importance of considering extended rainfall events in flood
risk assessments.

e Return Period: Longer return periods correspond to more severe rainfall events, which
elevate the overflow rates. Understanding these patterns helps in designing infrastructure to
withstand extreme conditions.

e Network Capacity: The capacity of the stormwater network to handle overflow is crucial.
Identifying bottlenecks and areas with insufficient capacity enables targeted improvements to
reduce flood risk.

The results emphasize the need for adaptive flood management strategies that incorporate the impacts
of varying rainfall durations and return periods. Enhanced monitoring and targeted interventions in
areas with high overflow potential are essential for improving resilience and mitigating flood risks.

5.4 Machine Learning Results
5.4.1 Performance of Machine Learning Models

In Figure 5.5, the performance of classical models and ensemble machine learning models in
predicting rainfall for various return periods and durations is depicted, along with cross-validation
using 5 folds. The results from the training stage for each model, based on a 2-hour rainfall duration,
are shown under different conditions, including 10-year, 20-year, 50-year, and 100-year return periods
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Performance Metrics of Machine Learning Models for Average Overflow Rate
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Figure 5.5: Performance Evaluation of ML Models for Predicting Average Overflow Rate Across
Various Return Periods (2-Hour Rainfall Duration)

The results provide a detailed assessment of various machine learning models for predicting overflow
incidents in stormwater manholes across different return periods—specifically, for a 2-hour rainfall
event with return periods of 10, 20, 50, and 100 years, as depicted in Figures 5.5(a) through 5.5(d).
These metrics reveal the models' effectiveness in forecasting overflow in stormwater networks under
varying rainfall durations and intensities.

Summarizing the findings, for a 2-hour rainfall event, all models demonstrated comparable
performance, with MSE values ranging between 0.027 and 0.033, RMSE between 0.166 and 0.182,
and MAE between 0.109 and 0.130. As the return periods increased to 20, 50, and 100 years, the
models maintained stable performance, showing minimal variation in these metrics. Notably, the
Random Forest and Gradient Boosting models performed slightly better than the Neural Network
and Linear Regression models, as evidenced by their lower MSE, RMSE, and MAE values,
suggesting a more robust capacity to capture the complexities of rainfall-overflow relationships
within stormwater networks.

This slight performance advantage of Random Forest and Gradient Boosting models underscores
their efficacy in interpreting complex interactions between rainfall events and overflow dynamics an
essential factor in addressing urban flooding challenges exacerbated by urbanization and climate
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change (Lu et al., 2023; Mukaka, 2012). The findings offer essential insights for future refinement of
these ensemble models, providing guidance for practical flood prediction applications in urban
stormwater management systems. These insights support the practical implementation and further
optimization of machine learning approaches in flood forecasting contexts.

5.4.2 Predictions Using ELM

This section presents the forecast results for the best-performing algorithms, Random Forest and
Gradient Boosting, in predicting the average overflow rate for a stormwater network. The predictions
were made for different rainfall durations and return periods. The performance measures employed
comprise (MSE), (RMSE), and (MAE).
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Figure 5.6: Performance Metrics of Ensemble Prediction Models for 2-Hour Rainfall Duration Across 10-
Year (a), 20-Year (b), 50-Year (c), and 100-Year (d) Return Period
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Figure 5.7: Performance Metrics of ELM for 3-Hour Rainfall Duration Across 10-Year
(a), 20-Year (b), 50-Year (c), and 100-Year (d) Return Periods
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Figure 5.8: Performance Metrics of ELM for 4-Hour Rainfall Duration Across 10-Year (a), 20-Year (b), 50-
Year (c), and 100-Year (d) Return Periods
Figures 5.6 to 5.8 evaluate the performance of Gradient Boosting and Random Forest models in
predicting overflow rates within stormwater networks across different rainfall durations (2, 3, and 4
hours) and return periods (10, 20, 50, and 100 years). Both models show consistent and reliable
performance across all scenarios, with Random Forest slightly outperforming Gradient Boosting in
predictive accuracy (RMSE and MAE). This consistency across durations and return periods
highlights the models’ robustness and capability to generalize effectively under varying
environmental conditions.
In summary, Figures 5.5 to 5.8 illustrate the effectiveness of various machine learning models,
particularly ensemble techniques, in predicting floods across differing return periods and rainfall
durations. Specifically, Gradient Boosting and Random Forest consistently outperform other models,
such as Neural Networks and Linear Regression, in key performance metrics like MSE, RMSE, and
MAE. This superior performance is maintained across all tested rainfall durations and return periods,
underscoring the benefits of ensemble methods in leveraging the strengths of multiple models while
addressing their individual limitations (Dietterich, 2000).
The exceptional performance of the Gradient Boosting and Random Forest models can be attributed
to their ability to uncover intricate, nonlinear relationships within the data. Gradient Boosting, with
its iterative approach of building and aggregating weak learners into a robust predictor, is particularly
effective at handling diverse and imbalanced dataset(Natekin & Knoll, 2013). Random Forest
enhances model stability and reduces overfitting by averaging the predictions from a collection of
decision trees, leading to improved generalization across various datasets(Breiman 2001).
These findings are consistent with previous research that emphasizes the success of ensemble
learning methods in hydrological modeling. For example, a study by Hukkeri et al. (2023) showcased
the use of ensemble learning methods combined with advanced machine learning models to achieve
precise meteorological drought predictions at a district level. In another study, (Zounemat-Kermani
et al. 2021) showcased the use of ensemble learning methods combined with advanced machine
learning models to achieve precise meteorological drought predictions at a district level Dang et al.
(2024) showcased that the Random Forest (RF) model effectively captured the complex interactions
between input variables and flood depth, resulting in precise predictions. The RF algorithm's
outstanding performance made it an ideal candidate for replacing the numerical model in this urban
flood depth modeling research.
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This research demonstrated enhanced accuracy in predicting the average stormwater overflow rate,
outperforming previous studies that employed ensemble learning models. (W. Chen et al., 2018;
Hukkeri et al., 2023) . It also emphasizes and confirms the effectiveness of machine learning
techniques. (Dang et al., 2024), particularly ensemble learning, in enhancing flood forecasting and
management.

While the results are promising, several limitations warrant attention. The accuracy of the model
largely depends on the quality and quantity of input data; insufficient or biased datasets can lead to
suboptimal model performance. Therefore, future research should focus on incorporating more
extensive datasets that encompass a broader range of hydrological conditions. Moreover, although
ensemble approaches typically help reduce overfitting, there remains a potential risk, especially when
dealing with limited datasets. To mitigate this risk, it is essential to employ cross-validation
techniques and regularization methods to decrease the likelihood of overfitting.

In conclusion, ensemble models demonstrate reliable and consistent performance in forecasting
overflow rates in stormwater networks across various rainfall durations and return periods. While
Random Forest slightly edges out in terms of RMSE and MAE values, both models are effective for
stormwater management and infrastructure planning. Their stability and robustness indicate their
suitability for practical applications, where accurate overflow rate predictions are crucial for
informed decision-making. Future research and validation will be necessary to evaluate the models'
performance under different environmental conditions and to further enhance their predictive
capabilities.

5.5 Comparative Analysis

5.5.1 Comparison for 2-Hour Rainfall Duration

Figures 5.9 to 5.12 illustrate the association between MIKE+ results and ensemble model predictions
across various return periods using Pearson correlation coefficients. This analysis emphasizes the
top-performing machine learning models, providing a comparative assessment of the ensemble
model's effectiveness, computational efficiency, and accuracy. The Pearson correlation coefficients
shown in these figures play a key role in evaluating the performance of the leading prediction models.
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Figure 5.9: S Scatter Plot Analysis of Pearson Correlations for Ensemble Models and MIKE+ Simulations:
2-Hour Rainfall Duration at a 10-Year Return Period: (a) Gradient Boosting, (b) Random Forest

Pearson correlations (2-Hour Rainfall Duration,20-Year Return Period)

045

(@]

=

k7]

o

[}

So.

o

&

@

b

®©0.

G o

® o
0-0.25
0.25-0.5
0.5-0.75
N 0.75-1

0.3 0.4 0.5 0.

6 0.7 0.8 0.9
Overflow Rate Average Simulated by MIKE+ Models[m3/s]

72



Chapter 5: Results and Discussion

Pearson correlations (2-Hour Rainfall Duration,20-Year Return Period)

S
S

Random Forest
o

o
N

01 0 0.1 0.2 0.3 0.4 0.5 0.7 08 o,
Overflow Rate Average Simulated by MIKE+ Models[m3/s]

(b)
Figure 5.10: Scatter Plot of Pearson Correlations Between Ensemble Model Predictions and MIKE+
Simulated Overflow Rates for 2-Hour Rainfall Duration at a 20-Year Return Period: a) Gradient Boosting,
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Pearson correlations (2-Hour Rainfall Duration,100-Year Return Period)
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Figure 5.12: Scatter Plot Analysis of Pearson Correlations for Ensemble Models and MIKE+ Simulations:

2-Hour Rainfall Duration at a 100-Year Return Period: (a) Gradient Boosting, (b) Random Forest

Based on Pearson correlation analysis, the overflow rates predicted by MIKE+ across various return
periods show a significant positive correlation with the ensemble methods, particularly Random
Forest and Gradient Boosting. This strong correlation highlights the effectiveness of ensemble
models in accurately predicting overflow rates, reflecting their ability to capture the intricate
dynamics within the stormwater network.
The performance of ensemble models is illustrated in Figures 5.9 to 5.12, highlighting the Average
Overflow Rate Comparison for different return periods with a 2-hour rainfall duration. The top-
performing models, specifically Random Forest and Gradient Boosting, show considerable potential
in predicting overflow rates in environmental and hydrological contexts. Their application could
greatly improve flood prediction and management efforts. When selecting models for predicting
rainfall durations (2-hour, 3-hour, 4-hour), it is recommended to use the same models that exhibited
strong correlations in forecasting the average overflow rate, indicating their suitability for various
hydrological prediction and management tasks.
In conclusion, ensemble models are highly effective in enhancing the accuracy and robustness of
machine learning models. They are extensively used in real-world applications and have consistently
delivered state-of-the-art results across various tasks (Zhou, 2012).

5.5.2 Comparison for 3-Hour and 4-Hour Rainfall Durations

Figures 5.13 and 5.14 display heatmaps showing Pearson correlations between ensemble model
predictions and MIKE+ simulated overflow rates across different rainfall durations and return
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Pearson Correlations of Average Overflow Rate For 3-Hour Across Return Periods
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Figure 5.13: Heatmap Analysis of Pearson Correlations: Ensemble Method Predictions and MIKE
+ Simulated Average Overflow Rates for 3-Hour Rainfall Duration
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Figure 5.14: Heatmap Analysis of Pearson Correlations: Ensemble Method Predictions and MIKE+
Simulated Average Overflow Rates for 3-Hour Rainfall Duration

The heatmap reveals consistent Pearson correlation coefficients between the predictions made by
ensemble models and MIKE+ simulations for the average overflow rate across different rainfall
durations and return periods. Both models show correlations around +0.803 for the 3-hour rainfall
duration across all return periods, highlighting their reliability and robustness in predicting the
average overflow rate under varying conditions.
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The idea of diversity in ensemble learning models is widely acknowledged in the literature and is
known for enhancing model performance and accuracy. Breiman (2001) proposes that introducing
randomness in data sampling and feature selection within the Random Forest algorithm enhances
diversity among individual trees. This reduced correlation between their predictions results in a more
robust and accurate ensemble model. The diversity among these uncorrelated models significantly
lowers overall variance, leading to improved performance. Similarly, Gradient Boosting, as described
by Friedman (2001) , explains that Gradient Boosting maintains minimal correlation among its
predictions, leading to improved accuracy. Furthermore, research supports the idea that greater model
diversity, reflected in a low Pearson correlation, boosts the effectiveness of ensembles and reduces
errors. Dietterich (2000) highlights the critical role of diversity in techniques like bagging and
boosting, crediting their effectiveness to reducing correlation among models by using varied training
samples or methodologies. Kuncheva and Whitaker (2003) demonstrate that lower Pearson
correlation, indicative of greater diversity, significantly boosts the accuracy of ensemble models.
Brown et al. (2005) investigate methods for enhancing diversity, such as resampling and feature
selection, to decrease correlation and enhance the performance of ensemble models.

Ensemble models offer precise predictions of overflow rates, serving as a cost-effective and efficient
alternative to traditional simulation methods. Their consistent and reliable correlations have
important implications for urban planning and stormwater management, allowing stakeholders to
make well-informed decisions on infrastructure development, flood mitigation, and urban resilience.
The integration of machine learning models with MIKE+ simulations is also emphasized, leveraging
the strengths of both approaches to create accurate and comprehensive predictive tools for managing
stormwater. As a result, ensemble models present a viable alternative to complex simulation systems
like MIKE+, providing a practical and computationally efficient method for engineers and planners
to evaluate and manage flooding risks in urban environments.

5.6 Feature Importance Analysis

This study investigates the impact of various features on overflow rates and emphasizes the
importance of identifying the most influential factors within a stormwater network. Understanding
these key features is crucial for effective risk management in such networks. By employing ensemble
models, specifically Random Forest and Gradient Boosting, the study evaluates feature importance
across different rainfall durations and return periods. The analysis uses the Mean Squared Error
(MSE) metric to assess each feature's predictive power. The dataset includes one meta-attribute and
six key features: peak flow, maximum depth, length, slope, roughness, and diameter, with six data
instances representing different scenarios. This thorough approach sheds light on the complex
behavior of stormwater networks and highlights the significance of understanding feature impacts to
improve risk mitigation strategies.
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Figure 5.20: Assessment of Top Features' Importance, Including Max Depth, Using Ensemble Learning
Across Return Periods (10, 20, 50, 100 Years): Mean and Standard Deviation Calculation for 2-Hour
Rainfall Duration

0.004
0.0035
0.003
0.0025
0.002
0.0015
0.001
0.0005
0
GB RF GB RF GB RF GB RF

10 year 20 year 50 vyear 100 year

M Length [m] Mean ™ Length [m] Std

Figure 5.21: Assessment of Top Features' Importance, Including Lenght, Using Ensemble
Learning Across Return Periods (10, 20, 50, 100 Years): Mean and Standard Deviation
Calculation for 2-Hour Rainfall Duration

Figures 5.15 to 5.18 illustrate the feature importance metric values for the Gradient Boosting (GB)

and Random Forest (RF) algorithms using the MSE method across different return periods (10, 20,

50, and 100 years) for a 2-hour rainfall duration, in predicting overflow rates in a stormwater network.

Figures 5.19 to 5.21 show the mean and standard deviation (std) of each feature, calculated across

the various return periods. These statistics provide insights into the stability and reliability of the

feature importance scores. The analysis reveals that:

e Peak Flow is the most influential feature for predicting overflow rates across all rainfall
durations and return periods. Since Peak Flow indicates the volume of water flowing through
the network, higher values lead to increased overflow rates.
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e Max Depth ranks second in importance. As Max Depth represents the water level within the
network, higher levels correspond to higher overflow rates.

e Length is the third most significant feature. It represents the distance water travels through
the network; longer lengths result in higher overflow rates.

Rainfall duration and return period have minimal impact on feature importance scores due to the
capability of Gradient Boosting and Random Forest models to capture the relationship between these
factors and overflow rates. The study provides valuable insights into the key variables affecting
network performance across different return periods. Understanding the significance of these
attributes helps in prioritizing maintenance and improvements to effectively mitigate overflow risks.
This research underscores that ensemble learning models, especially Gradient Boosting and Random
Forest, offer robust and precise predictions for flood events across varying conditions, highlighting
their potential to enhance flood prediction and management. Future research should address the
identified limitations to further improve model reliability and applicability.

5.7 Conclusion

This research highlights the potential of combining physically-based models with machine learning
techniques to improve stormwater overflow rate predictions in urban drainage systems. The MIKE+
model, despite its reliance on limited observed data, showed strong performance in simulating water
depths, as indicated by a high R? value. However, the incorporation of ensemble learning techniques,
specifically Random Forest and Gradient Boosting, significantly improved the prediction accuracy
of overflow rates across various rainfall durations and return periods (Boughandjioua et al., 2024).
These results highlight the robustness and reliability of machine learning models in handling complex
hydrological processes, particularly in scenarios where observed data is sparse or unavailable. The
investigation into ensemble learning as an alternative to classical models underscores the importance
of understanding the sensitivity of hydraulic systems to different rainfall durations and the impact
factors influencing stormwater networks (Boughandjioua et al., 2024).

An important aspect of this study was the use of the Mean Squared Error (MSE) method to assess
feature importance within the machine learning models. By analyzing the contribution of different
input variables to the model’s predictions, the study identified key factors that significantly influence
stormwater overflow rates. This feature importance analysis provides valuable insights into the
underlying dynamics of stormwater systems, helping to prioritize variables that should be closely
monitored or managed in practice. The MSE-based feature importance also reinforces the strength of
ensemble learning models in not only improving prediction accuracy but also offering a deeper
understanding of the factors driving hydrological processes.
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General Conclusion

In conclusion, this thesis presents a comprehensive study on the impact of climate change on urban
drainage systems, with a particular focus on the growing challenges caused by increased rainfall
intensity and frequency. The research highlights the vulnerabilities of urban areas in Algeria,
especially Bir Farina, to flooding due to rapid urbanization and insufficient drainage infrastructure.
By integrating traditional hydrological modeling through MIKE+ software with advanced machine
learning techniques, particularly ensemble learning models like Random Forest and Gradient
Boosting, this study addresses the limitations of classical models in predicting stormwater overflow
rates.

The research provides an in-depth examination of the use of ensemble models based on machine
learning algorithms to predict average overflow rates within stormwater networks. Through the
implementation of the SWN-ML framework, which combines MIKE+ simulations with machine
learning models, specifically Random Forest and Gradient Boosting, this study enhances the accuracy
of overflow rate predictions. The results validate the efficacy of the proposed approach,
demonstrating strong correlations between the predictions made by the ensemble models and the
MIKE-+ simulations across varying rainfall durations, return periods, and network configurations.
Notably, the study underscores the predictive capabilities of Gradient Boosting and Random Forest
models, highlighting their ability to capture complex relationships in the data and provide reliable
estimates. These findings suggest that machine learning methodologies offer a computationally
efficient and accurate alternative to traditional simulation models for forecasting overflow rates in
stormwater networks. The insights from this research make a significant contribution to improving
flood risk management strategies and developing early warning systems, which can mitigate flood-
related hazards in urban environments.

For future work, particularly with larger datasets and increasing complexity, there is potential to

enhance these models by exploring novel deep learning techniques, including reinforcement learning,
to further improve predictive accuracy and robustness.
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