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ABSTRACT

Frequent floods caused by monsoons and rainstorms have significantly affected the
resilience of human and natural ecosystems in the Nam Ngum River Basin, Lao PDR. A cost-
efficient framework integrating advanced remote sensing and machine learning techniques is
proposed to address this issue by enhancing flood susceptibility understanding and informed
decision-making. This study utilizes remote sensing geo-datasets and machine learning algorithms
(Random Forest, Support Vector Machine, Artificial Neural Networks, and Long Short-Term
Memory) to generate comprehensive flood susceptibility maps. The results highlight Random
Forest’s superior performance, achieving the highest train and test Area Under the Curve of
Receiver Operating Characteristic (AUROC) (1.00 and 0.993), accuracy (0.957), F1-score (0.962),
and kappa value (0.91), with the lowest mean squared error (0.207) and Root Mean Squared Error
(0.043). Vulnerability is particularly pronounced in low-elevation and low-slope southern
downstream areas (Central part of Lao PDR). The results reveal that 36— 53% of the basin’s total
area is highly susceptible to flooding, emphasizing the dire need for coordinated floodplain
management strategies. This research uses freely accessible remote sensing data, addresses data
scarcity in flood studies, and provides valuable insights for disaster risk management and
sustainable planning in Lao PDR

In addition, the generated flood susceptibility map is used to analyze the possible effect on
the different land use/land cover classes, populations and critical facilities. ANN and DNN
outperform LSTM, achieving higher accuracy based on Receiver Operating Characteristics. The
resulting flood susceptibility maps identify critical zones within the Nam Ngum River Basin at
high risk of flooding, revealing that 36-53% of the basin area is highly susceptible, especially in
low-elevation and low-slope regions. Additionally, 85-93% of the population is highly vulnerable
to flooding within 261 to 296 km? of built-up area. Almost all of the critical facilities for health

and education lie within the area, which is highly susceptible to flooding.

Keywords: Flood susceptibility modeling; Flood risk assessment, Open-source Datasets,
Machine learning algorithm; Deep learning algorithm, Remote sensing, Nam Ngum River Basin

(NNRB), Lao PDR
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CHAPTER 1

INTRODUCTION

1.1 Background of the study

Natural disasters significantly affect human lives, property, and the environment, leading to
economic losses. The Centre for Research on the Epidemiology of Disasters (CRED) reported in
April 2019 that there were 315 disasters related to natural hazards worldwide in the previous year.
These disasters resulted in 11,804 deaths, impacted more than 68.5 million people, and caused
over US$131.7 billion in economic damages. The report highlighted that major disasters in Asia,
South America, and Africa were predominantly floods and landslides. Floods accounted for 38%
of these events, causing 24% of deaths and 50% of the economic damage, making them the
costliest type of disaster. Additionally, storms constituted 30% of the events and were responsible
for 15% of the total deaths. In 2018, Laos ranked fifth in the number of people aftected per 100,910

inhabitants. Therefore, flooding is among the most recurrent natural disasters globally.

Share by Disaster Type in 2018

Flood

Storm
Earthquake
Extreme Temp.
Drought
Landslide
Wildfire
Volcanic activity
Mass Movement

Affected 4

Source: The Centre for Research on the Epidemiology of Disasters (CRED)

Figure 1. Depicts the global disaster type of events, death, and total affected



According to The ASEAN Risk Monitor and Disaster Management Review (ARMOR),
ASEAN nations experienced a combined total of 1,604 disasters of varying severity between July
2012 and January 2019. Figure 1 shows that 85.17% of these were hydrological and meteorological
disasters, including floods, strong winds, tropical storms, and droughts, occurring within that
timeframe. In contrast, 14.83% were geophysical disasters, including landslides triggered by
earthquakes, volcanic eruptions, and minor tsunamis. Furthermore, Figure 2 shows that Malaysia,
Vietnam, Cambodia, Laos, Thailand, and Brunei Darussalam have the highest percentage of their

population exposed to flooding.

. Breakdown of Disasters in ASEAN
- (July 2012 - January 2019)
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EARTHOLAKE
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Source: https://ahacentre.org/publication/armor/

Figure 2. Types of disasters occur in ASEAN



___ Distribution of Disasters in ASEAN
_ (July 2012 - January 2019)
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Source: https://ahacentre.org/publication/armor/

Figure 3. Percentage of Population Exposed to Floods (by country)

Floods in the Lao People’s Democratic Republic (PDR) present a significant challenge,
both environmentally and socioeconomically. Laos, a landlocked country in Southeast Asia,
experiences recurrent flooding due to its tropical monsoon climate, characterized by heavy
seasonal rainfall. The Mekong River, which flows through Laos, frequently overflows during the
rainy season, causing widespread flooding.

These floods have severe impacts on the Lao population, agriculture, and economy. Annually,
thousands of people are displaced, homes are destroyed, and agricultural lands are inundated,
leading to substantial food insecurity. Agriculture, a major economic sector in Laos, is particularly
vulnerable; floods often wash away crops, disrupt planting and harvesting schedules, and damage

irrigation systems. Consequently, rural communities, which are heavily dependent on agriculture,



face significant economic losses and hardships.

The Lao government, alongside international organizations, has been working to mitigate the
impacts of floods through various measures. These include constructing dams and reservoirs,
improving early warning systems, and implementing better land-use planning. Community-based
approaches, such as educating locals on flood preparedness and response, are also crucial in
reducing the adverse effects.

However, challenges remain due to limited resources and the increasing intensity of weather events
linked to climate change. Continued efforts and international cooperation are essential to enhance
resilience against floods and secure a safer future for the Lao PDR. To address this gap, this study
proposes a simple and efficient data-driven machine-learning approach based on remote sensing
data for effective flood susceptibility mapping in the NNRB. The findings of this study aid in
informed decision-making for flood management and urban development. It aligns with the
National Strategy on Disaster Risk Reduction (NSDRR) 2021-2030 (Government of Lao PDR
and Asian Development Bank 2022), Sendai Framework for Disaster Risk Reduction, and
sustainable development goals (SDGs-11 —sustainable cities and communities, and SDG-13

Climate change), aiming to address climate change and ensure safety in flood-prone areas.

1.2 Statement of the Problem

In recently, the rise in urbanization and land expansion has led to a notable increase in the
frequency of floods. Lack of the inventory maps, absence of proper flood analyses, and
interpretational difficulties are the main limitations in flood studies and subsequently urban
planning (Sharma, Kumar, and Kumar 2024).

Detecting floods is the first step in flood susceptibility mapping, and it should be as rapid
and accurate as possible. However, due to the presence of speckle noise in synthetic aperture radar
(SAR) imageries (Anusha and Bharathi 2020), specular reflectance from other objects (Schlaffer
et al. 2015) and spatial heterogeneity of urban areas, classification methods developed for optical
images are often not adaptable for flood recognition and mapping (Shahabi et al. 2020). Visual
interpretation is another method for flood detection which is based on expert’s knowledge and can
be biased (Mucsi and Bui 2023). Another method for mapping flood extents is the threshold
segmentation algorithm, which is highly sensitive to images with low contrast and relies on expert
judgment. The generated segments should be defined separately and individually for each imagery

which makes this method not optimized for flood extent extraction (Hansana et al. 2023).



Flood susceptibility maps are the basis of further researches such as hazard and risk analysis
(Pourghasemi et al. 2020). Governments allocate significant budgets to prevent flooding, yet the
lack of precise flood forecasting and mapping persists. Based on the literature, most of the existing
methods for flood analysis have few drawbacks which should be overcome (Liu & De Smedt,
2005). MCDA methods that have been used are the “Analytical hierarchy process”. AHP relies on
expert knowledge and contains many biases, which can be subjective (Das 2020). Hydrologic
models like HEC-HMS and HEC-RAS are excellent for simulating flood scenarios (Zeleiidkova
et al. 2019), but they require accurate data and deep hydrology knowledge (Costache and Tien Bui
2019). Bivariate statistical methods such as frequency ratio (FR) and weight of evidence (WOE)
neglect the impact of whole conditioning factor on flood occurrence(Muthu and Ramamoorthy
2024). On the other hand, multivariate statistical analysis methods such as logistic regression (LR)
assess the influence of conditioning factors on flood occurrence while it neglects the impact of
each class on flood (Tehrany and Kumar 2018; Tehrany, Pradhan, and Jebur 2015). Machine
learning models, including Artificial Neural Networks (ANN) (Andaryani et al. 2021; Ighile,
Shirakawa, and Tanikawa 2022; Priscillia, Schillaci, and Lipani 2021), Support Vector Machine
(SVM) (Costache et al. 2020; Duwal, Liu, and Pradhan 2023; Tehrany, Kumar, and Shabani 2019;
Tehrany et al. 2015), Decision Trees(Khosravi et al. 2018), K-nearest neighbors(Al-Aizari et al.
2022), Naive Bayes (Hasanuzzaman et al. 2022), Adaptive Neuro-Fuzzy Inference Systems (Wang
et al. 2019), and decision tree-based models like random forest (Hasanuzzaman et al. 2022;
Kulithalai Shiyam Sundar and Kundapura 2023, 2023; Razavi-Termeh et al. 2023) CatBoost,
LightGBM (Kulithalai Shiyam Sundar and Kundapura 2023; Saber et al. 2022), Extreme Gradient
Boosting (Hasanuzzaman et al. 2022; Ma et al. 2021; Mirzaei et al. 2021; Razavi-Termeh et al.
2023) and gradient boosting machines (Felix and Sasipraba 2019; Saravanan et al. 2023) have been
introduced to analyze large complex datasets for flood susceptibility investigation efficiently. As
an illustration, it is viewed as a black box due to its complexity and the requirement for high-
capacity computers. Hence, to resolve the current shortcomings in flood studies, it is crucial to
devise more sophisticated and precise methods.

Different factors like altitude, slope, and aspect contribute to generating flood susceptibility
maps. Each factor has its distinct influence on the analysis, although some factors may produce
similar effects or negligible impact on the final outcomes. Therefore, identifying optimized

conditioning factors is crucial to minimize the time and cost of data collection, thereby reducing



computation time spent on analyzing less significant factors. This study aims to meet all necessary
criteria for efficient flood susceptibility modeling by enhancing existing methods. The expected

outcome is that improved susceptibility mapping will enhance previous study results.

1.3 Purpose of the Thesis

Natural disasters are becoming more frequent worldwide, emphasizing their crucial role in
ensuring environmental and public safety. Increasing urbanization and climate change are expected
to heighten the frequency of rainstorms and river flooding. Flood events in tropical nations,
particularly in Lao P.D.R., illustrate the extremes in climate variability. Consequently, monitoring,
mapping, modeling, and mitigating floods have become top priorities for governments.. (Pradhan,
Tehrany, and Jebur 2016). These occurrences result from unpredictable alterations in natural
conditions caused by natural forces. In general, these catastrophes are beyond human ability to
predict or control. Large-scale natural disasters including floods, earthquakes, landslides, and
subsidence have a significant effect on infrastructure, agriculture, human lives, and the
environment. The outcomes of these natural hazards differ based on their magnitude and the
specific geographic regions they impact

Floods are the most common natural disasters affecting humans and their environments.
They are especially widespread in Asia and the Pacific regions, significantly impacting the social
and economic stability of these nations. For example, Lao PDR has faced several devastating
floods, notably in 2009, 2011, 2013, 2018, and 2019. These disasters have significantly impacted
the country’s socio-economic development. In 2018, flood damages amounted to about 2.1% of
the nation’s GDP, equivalent to around US$ 371 million(Anon 2022; UN, World Bank, GFDRR
& EU 2018a) The country experiences damage from natural disasters every year, with floods in
the plains and frequent landslides in hilly areas. These incidents endanger people’s lives and
property and significantly impact the economy and agriculture sectors. Over the past centuries,
there has been an increased focus on improving flood management. Recent causes of recurring
floods in certain areas are primarily attributed to unplanned urbanization, construction, and
deforestation. Without adequate management, these factors can lead to disastrous outcomes such
as dam failures, flooding damaged agricultural crops and livestock, thereby heightening flood risks.
Despite these challenges, human intervention plays a crucial role in mitigating flood disasters
through extensive use of technology. Technological applications can aid in preemptive actions

against floods by identifying flood-prone areas and providing early warnings of impending



catastrophes.

In the past, fieldwork was the primary method used to map and monitor floods, but it was
limited by factors such as time and weather conditions. However, with the introduction of GIS and
RS technologies, these constraints have been overcome, leading to continuous improvement in
flood studies. These technologies have transformed hazard research, particularly in flood studies,
resulting in more effective mitigation of this phenomenon. The adoption of GIS and RS
technologies has indeed revolutionized the approach to mitigating flood disasters. Advancements
in technology have made it easier to predict and mitigate flood damage, a feat that was previously
unattainable. Despite various methods and techniques proposed and tested for mapping flood-
prone areas and producing flood inventory maps, many of them have significant limitations that
require attention. Conversely, certain methods, such as Rule-based machine learning, have yet to
be evaluated in flood studies.

Flood detection analysis should be rapid (Hansana et al. 2023) because floods can subside
quickly in an inundated area. Hence, researchers face time constraints when mapping all locations.
Traditional methods like fieldwork are impractical for this task due to on-site challenges and
lengthy procedures. Additionally, conventional hydrological techniques, such as gauge and
discharge measurements, are inadequate for monitoring and mapping flood locations due to the
temporal and spatial variations in extensive wetlands (Hamidi et al. 2023; Na and Li 2022).
Another method, visual interpretation of satellite images, is time-consuming, prone to inaccuracies,
and entails high costs. It is based on expert knowledge; therefore, it can be erroneous (Mucsi and
Bui 2023).

The threshold segmentation algorithm or histogram thresholding is a simple but widely
used and effective method to generate a binary image (Pulvirenti et al. 2023). Thresholding
techniques in SAR sensors depend on distinguishing between flooded and non-flooded areas,
making them effective for identifying floodplains. However, these techniques are sensitive to low-
contrast images. Moreover, they are limited because they are tailored to specific satellite scenes,
often relying on visual interpretation. Additionally, their manual and time-consuming nature
further constrains their utility. (Pulvirenti et al. 2023). Active contour modeling can also be
employed to map the extent of flooding in a region. However, this technique requires the researcher
to possess prior knowledge of the statistical characteristics of images. Additionally, the method is

impeded by local minima and becomes less accurate when the initial contour chosen is basic or



distant from the object boundary. Synthetic aperture radar (SAR) interferometry as another
available method, should produce a coherence map; however, this technique is often difficult to be
(Fobert, Singhroy, and Spray 2021). The generation of a coherence map is also complex and
disadvantageous; for instance, it requires ground data and two precisely co- registered SAR images
(Zhang et al. 2022).

All of the optical images are unsuitable for flood detection applications (Jiang et al. 2021)
because clouds usually cover the sky during a flood event, thereby limiting the observational
capability of these optical sensors. However, SAR signals can penetrate vegetation and forest
(Salem and Hashemi-Beni 2022). These sensors are capable of functioning during both day and
night, illuminating various features of a terrain due to their single- or multi-polarized capabilities.
Consequently, the objective of this research is to address the limitations of optical data by utilizing
active Sentinel 1 Satellite Images. Regarding the susceptibility mapping, in some methods such as
LR, the impact of classes of each conditioning factor on flood occurrence is not considered
(Elmoulat and Ait Brahim 2018). Other statistical methods such as FR method, consider the
relationship between flood occurrence and each conditioning factor separately, while not
considering the relationships among all the conditioning factors themselves (Megahed et al. 2023).
This thesis aims to introduce enhanced methods for mapping flood locations and identifying areas
susceptible to flooding using machine learning approaches.

The primary aim of this research is to utilize the developed maps to prevent urbanization in
flood-prone areas and promote environmental sustainability. Identifying at-risk areas is essential
for reducing damage and casualties during floods. Developing flood inventory maps forms the
basis for mapping flood susceptibility and pinpointing these vulnerable regions. Additionally,
optimizing conditioning factors is a key focus. Governments and urban planners can use the study's
findings to identify safe zones for residents, support emergency responders during crises, and
update strategies for urban planning. This data can decrease the need for field surveys performed

by organizations such as surveying departments.

1.4 Research Questions
To achieve the research goals of flood susceptibility mapping, this dissertation addresses
the following research inquiries:
» s it feasible to precisely detect flooded areas using satellite imagery?

» Is it feasible to improve flood susceptibility mapping through the application of



>

machine learning methods?

Which conditioning elements are most effective in causing floods in each of the
research areas?

Which flood-conditioning variables are most important for mapping areas that are
susceptible to flooding?

Do the findings from diverse methods employed to map flood susceptibility and the
real extent of flooded zones correspond effectively in the model validation phase?
Which machine learning approach based on data is most efficient for pinpointing
flood-prone areas?

How can we evaluate the accuracy and reliability of temporal and spatial models?

1.5 Research Objectives

The primary objective of this research is to enhance flood mapping and modeling methods

to create more dependable flood inventories and susceptibility maps.

>

To provide a simple and precise RS method for mapping flood extent using Sentinel-
1 SAR data in Google Earth

To create detailed flood susceptibility maps using advanced machine learning
approaches such as 1) Random Forest (RF), 2) Support vector machines (SVM), 3)
Artificial Neural Networks (ANN), and 4) Long Short-Term Memory (LSTM).

To find out the accurate flood susceptibility zones in Nam Ngum River Basin
and classify the whole basin area into five classes: very low, low, moderate, high,
and very high.

To identify the most effective conditioning factors in flood susceptibility mapping
through the utilization of the Area Under the Curve of Receiver Operating
Characteristic (AUROC)

1.6 Research Scope

Floods are the most common and severe of all natural disasters. Each year, flood events

result in substantial global losses and disruptions to societies. Flood management plans address all

aspects of flood management focusing on prevention, protection, preparedness, including flood

forecasts and early warning systems (Tariq, Farooq, and Van De Giesen 2020). During the pre-

disaster stage of the flood management, many studies can be done such as flood detection, flood

susceptibility, hazard, vulnerability and risk mapping (Kron 2005). This study's primary focus is



on enhancing flood susceptibility mapping techniques. As it has been mentioned in problem
statement, there are some weak points in existing techniques regarding the flood extent mapping
and flood susceptibility mapping (AL-Areeq et al. 2023)

In the scope of flood detection, optical data and most of the available classifications
techniques for them are not applicable (Sanyal and Lu 2004). The primary issue lies in the presence
of cloud cover and the incapacity of optical sensors to penetrate through them. Traditional gauge
and discharge measurements are based on very simple assumptions, and they have linear structure
(Durand et al. 2023). However, flood and river structures are very complex and non-linear. Other
available methods of visual interpretation and threshold segmentation algorithm are based on
expert’s knowledge which can be biased (Mucsi and Bui 2023). Change detection method using
interferometric technique is very complex and it requires two precisely co-registered SAR images
(Mastro et al. 2022). Therefore, this study seeks to address the existing drawbacks and challenges
in flood detection by introducing an optimized technique utilizing Sentinel-1 (SAR) data in the
Google Earth Engine. These data, along with the information from the Knowledge for
Development (K4D) (https://apps.k4d.la/explorer) o online portal (for years 2018, 2019, and 2020)
and the historical flooded area (from1985 to 2010) from Colorado Flood Observatory

(https://floodobservatory.colorado.edu) were initially analyzed to locate flooded areas.

The research scope for flood susceptibility mapping in the Nam Ngum River Basin (NNRB)
involves analyzing hydrological and climatological data, employing GIS and remote sensing
technologies to create detailed topographical maps, and identifying flood-prone areas. It includes
assessing the impact of land use, infrastructure, and human activities on flood dynamics. The study
aims to develop accurate flood susceptibility maps, enhance community resilience through
adaptive strategies, and provide policy recommendations for effective flood management. This
research integrates scientific analysis, technological tools, and socio-economic considerations to
mitigate flood risks and support sustainable development in the NNRB.

1.7 Dissertation Organization

The novelty of the present work is leveraging machine learning models and open-source
remote sensing data in data-scarce areas, especially in Lao PDR. In addition, this study uses deep
learning and freely available open-source datasets to assess flooding impacts on land cover,
population, and critical facilities.

This thesis consists of six chapters, which are summarized as follows
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Chapter 1: Introduction

This chapter discusses the background of the study, statement of the problem, purpose of the thesis,
research question, research objective, research scope and dissertation organization.

Chapter 2: Literature Review

In the literature review, the chapter discusses the importance of flood disasters and their negative
effects in Lao PDR. It covers valuable flood mapping techniques, flood susceptibility methods,
conditioning factors, and the validation process for the model.

Chapter 3: Research Methodology

This chapter mainly mention about overall methodology, characteristic of the study area, flood
detection method used in this research, flood susceptibility mapping method, data collection and
preparation, preparation of the flood inventory data, optimization of conditioning factors.
Chapter 4: Result and discussion

This chapter primarily explores the use of machine learning methods to map flood susceptibility
in the Nam Ngum River Basin, Lao PDR. It details the methodology for identifying and optimizing
key conditioning factors that influence flood susceptibility. The chapter emphasizes the integration
of open-source remote sensing data, Geographic Information Systems (GIS), and advanced
machine learning algorithms to enhance the precision of flood-prone area predictions by using
multicollinearity test and information gain ratio. The outcomes aim to provide valuable insights
for local authorities and planners to implement effective flood mitigation strategies, reduce
potential damages, and improve overall disaster preparedness and resilience in the region
Chapter 5: Flood Risk Assessment on Land-cover, Population and Critical Facilities in Nam
Ngum River Basin, Lao PDR

This chapter provides an in-depth flood risk assessment of the Nam Ngum River Basin, Lao PDR,
using machine learning techniques. It focuses on identifying and analyze the effect on the different
land use/land cover classes and populations in in Nam Ngum River Basin (NNRB), Lao PDR,
optimizing conditioning factors, and improving prediction accuracy to mitigate flood impacts and
enhance regional flood management strategies.

Chapter 6: Conclusion and recommendation

This chapter summarized the conclusion of introduction, summary, limitation and recommendation

for the future work.

11



CHAPTER 2

LITERATURE REVIEW

2.1 Overview
This chapter covers the broad impacts of flood disasters and examines both conventional
and advanced methods and techniques for flood detection and modeling. It provides an overview
of conditioning factors influencing the flood process. Additionally, it explores the uses and
challenges of open-source remote sensing (RS) and geographic information systems (GIS) in flood

modeling.

2.2 Flood Disaster and Its Impact

A flood is a remarkable high-water flow that overflows the banks of a river, causing water to
spread to the floodplain due to severe rains (Cirella and Iyalomhe 2018).Flood is a major
devastating natural disaster regarding the number of people affected and economic loss (Di
Baldassarre et al. 2010; FitzGerald et al. 2010; Khalil and Khan 2017; Morrison, Westbrook, and
Noble 2018; Rappaport 2014). Large and damaging floods are increasingly occurring every year
around the world (Kundzewicz et al. 2014), particularly in low-economy countries (Imamura 2022;
Lietal. 2012). For example, Lao PDR has faced several devastating floods, notably in 2009, 2011,
2013, 2018, and 2019. These disasters have significantly impacted the country’s socio-economic
development. In 2018, flood damages amounted to about 2.1% of the nation’s GDP, equivalent to
around US$ 371 million (UN, World Bank, GFDRR & EU 2018b). The country experiences
damage from natural disasters every year, with floods in the plains and frequent landslides in hilly
areas. These incidents endanger people’s lives and property and significantly impact the economy
and agriculture sectors.

Figure 4 During the period from 1990 to 2018, floods affected 72% of those impacted by
disasters, while storms, droughts, and epidemics affected 10%, 9%, and 8% of the population,

respectively.
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Figure 4. Affected Population by Hazard (1990-2018)

Table 1 Economical Damage and Losses by Floods in 2018

Damage Loss Total
Secctor )billion )billion )billion
LAK( LAK( LAK(
Social sector:
Housing and settlement 21.12 0.57 21.69
Education 18.73 1.68 20.41
Health and Nutrition 8.58 332 11.89
Culture 10.11 0.25 10.36
Production scctor:
Agriculture: Crops, Livestock, Forestry, Irrigation 139 80 1,087.60 1,227.30
Industry and Commerce 0.80 2.99 378
Tourism 21.87 9.59 31.46
Infrastructure sector:
Transport 822.02 785.80 1,607.82
Electricity 42 20 3.20 45 40
Water and sanitation 5096 19.02 69 98
Waterway 116.90 116.90
Total )billion LAK( 1,253 1,914.02 3,166.99
Total) million USD( 147 224.5 371.5

Source: PDNA Report 2018
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2.3 Flood Mapping Applications

Flood maps come in various types, each serving a unique purpose in identifying and
understanding flood risk. These maps provide crucial information for flood risk management,
emergency response, urban planning, and environmental conservation. (Bentivoglio et al. 2022)
divided the flood maps into three categories as shown in Figure 5:

1. Flood inundation mapping delineates areas expected to flood, employing modeling
techniques and data to aid in emergency response, risk assessment, and urban
planning for flood-prone areas. (see Figure 5a).

2. Flood susceptibility mapping predicts areas vulnerable to flooding based on factors
like terrain, hydrology, and land use, crucial for risk assessment and disaster
preparedness planning. (see Figure 5b)

3. Flood hazard map measures the depth and coverage of water across an inundated

area, aiding in assessing flood risks and planning mitigation strategies (see Figure

5¢).

Flood Inundation
W Permanent water
1l Flood witer

No fiood

Flood Susceptibility Flood hazard
WHigh < » Im

N j ! usm
1 No flood

N

(a) Flood inundation (b) Flood susceptibility (c) Flood hazard

Figure 5. Various types of flood maps. (a) flood inundation map, (b) flood susceptibility map,
and (c) flood hazard map.

These maps are widely used, each with its own limitations. For example, remote sensing
data are not always able to capture the flood peak and can require manual refinement (Notti et al.
2018). Historical flood inventories are not always available to map flood susceptibility (Zhao et al.
2020). Finally, numerical hydrodynamic simulations are computationally expensive and time-

consuming (Lowe et al. 2021).
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2.4 Flood Inventory Map

Flooding is a natural phenomenon and flood inventory is defined as a map which illustrates
the location of the flooded areas related to the specific time period from particular region (Yu et
al. 2023). Flood inventory maps do not prevent floods, but they play a crucial role in identifying
vulnerable areas to mitigate damage to property and save lives during flood events. Accurate and
current flood inventory maps are essential for conducting additional analyses such as susceptibility,
hazard, and risk mapping. Without mapping, potential flood-prone areas may go unnoticed,
limiting planners' ability to guide development safely and minimize future flood damage. Flood
inventory maps are effective and easily comprehensible tools for specialists like hydrologists, as
well as for non-specialists including decision-makers, planners, and civil leaders

Flood inventories are crucial for comprehending river and landscape changes and for
developing flood susceptibility and related maps. To create susceptibility maps using statistical
methods, a reliable inventory is necessary, along with conditioning factor maps used as inputs
(Shafapourtehrany et al. 2023). Flood inventory maps can be created according to research
objectives and available resources. They are typically generated through analyzing aerial
photographs, conducting field surveys, and reviewing reports and historical records. Sometimes, a
combination of these methods is employed. According to (Reichenbach et al. 2018) stated that no
standards are available for inventory mapping because of the lack of operational protocols in
preparing and updating maps, which in turn reduces the credibility of inventory maps. The
reliability of the analysis outcomes derived from flood inventory maps depends significantly on
the quality and comprehensiveness of those maps. Validating and assessing the quality and
precision of the flood inventories is, therefore, essential (Hitouri et al. 2024)

One of the most important difficulties related to the flood monitoring is a flood extent
extraction, since it is almost impossible to recognize the flood inundation area via field survey.
The flood inventory map plays a crucial role in calibrating and evaluating hydraulic models to
reconstruct events during floods and determine the factors that influenced the water's path.
Moreover, the flood inventory map can be used for damage assessment and risk management, and
can assist to saviors during flooding (Masafu and Williams 2024). Monitoring flood disasters is
crucial for assessing losses, issuing early warnings, conducting analyses, and reconstructing
inundation areas affected by floods. Having knowledge about the affected areas may serve as a

beneficial preliminary point for environmental planners and managements (Duwal et al. 2023). In
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every susceptibility analysis, inventory maps need to be divided into two categories for training
and testing purposes. This step greatly influences the outcome of the final susceptibility map. No
standard ratio or selection method exists for training and testing inventory (Zhu 2024).

Two primary considerations when evaluating the quantity and characteristics of data for
testing and training are temporal and spatial robustness. Temporal robustness involves dividing the
inventory map into two periods: the initial period used for training data and a subsequent period
for validation data. Some researchers have investigated how different inventory maps impact the
resulting outcomes. For instance, (Zhu 2024) compared susceptibility maps using decision trees
algorithms for flash flood susceptibility modeling at Haraz watershed, northern Iran. According to
the literature, the inventory map is typically divided into 70% for training purposes and 30% for
testing. The training subsets will be used for the construction of the model, and the validation
subset was used for validation of the predictive power of the resulting models (Bhattarai et al.

2024).
2.5 Flood Detection

Flood detection is a crucial aspect of disaster management and environmental monitoring,
aiming to mitigate the devastating impacts of flooding on communities, infrastructure, and
ecosystems. As climate change and urbanization increase the frequency and severity of flood
events, the need for advanced flood detection systems becomes ever more pressing. These systems
utilize a combination of hydrological models, remote sensing technologies, and real-time data
analytics to predict, monitor, and provide early warnings of potential flood occurrences. By
leveraging innovations in satellite imagery, ground-based sensors, and machine learning
algorithms, flood detection mechanisms can offer timely and accurate information, enabling
authorities to implement proactive measures, evacuate at-risk populations, and minimize economic
losses. Effective flood detection not only enhances the resilience of societies to natural disasters
but also supports sustainable development by informing better planning and resource management
strategies.

2.5.1 Traditional Methods

Traditional methods for flood detection have long been a cornerstone in safeguarding
communities from the devastating impacts of flooding. These methods primarily rely on historical
data, manual observations, and basic hydrological tools to predict and monitor flood events. Key

techniques include the use of rain gauges to measure precipitation levels, river gauges to track
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water levels in rivers and streams, and empirical models based on past flood events to forecast
potential floods. These conventional approaches, while fundamental, often involve significant
manual effort and can be limited by the spatial and temporal resolution of the data collected.
Despite these limitations, traditional flood detection methods have provided valuable insights and
a foundation upon which modern technologies have been built. By combining local knowledge
and historical records, these methods continue to play a vital role, especially in regions with limited
access to advanced technological infrastructure. Understanding and enhancing these traditional
techniques remains crucial for improving flood resilience and developing more comprehensive
flood management strategies.

Field mapping is one of the traditional methods mostly used by researches in the past
(Mollaei et al. 2018). The weak point of this method is related to the extent of the flood that is
usually too large to be seen in a larger area. Furthermore, in some cases, flooded areas are under
the vegetation and cannot be recognized easily. Traditional hydrological methods such as gauge
and discharge measurements cannot be used to monitor and map the flood locations due to the

temporal and spatial heterogeneity of large wetlands (Na and Li 2022).

2.5.2 Remote Sensing (RS) and Geographic Information Systems (GIS) Techniques

Remote Sensing (RS) and Geographic Information Systems (GIS) are transformative
technologies that have reshaped the way we observe, analyze, and manage our natural and built
environments. Remote sensing entails gathering data about the Earth's surface using satellites or
aerial imagery, capturing data on various physical and environmental parameters without direct
contact. This data provides critical insights into land use, vegetation cover, water bodies, and
atmospheric conditions, among other factors

Generation of various numbers of satellites and sensors made revolution in monitoring,
evaluating and predicting the natural disasters (Zhou et al. 2019). Over the last two decades,
remotely sensed data have been used effectively for monitoring and analyzing hazards, and high-
resolution imagery has revolutionized RS research (Baghermanesh, Jabari, and McGrath 2022).
Considerable improvements in flood detection have been made due to increased data collection
rates, higher sensor resolution, the development of change detection algorithms, and the
incorporation of RS techniques (Albertini et al. 2022). Typically, studies of hazards require multi-

temporal datasets in order to identify spatial changes and the process of hazards occurrence
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(Tsyganskaya, Martinis, and Marzahn 2019). Remote sensing is valuable for such studies because
it captures extensive areas of the Earth's surface regularly and at a comparatively low expense.
When it is supplemented with non-RS data, it is easy and effective to assess the evolution of natural
catastrophes(Lei et al. 2022). (Anusha and Bharathi 2020) have used GIS in their research in order
to provide flood inventory map of Rapti and Ghaghara Rivers in India. They reported that using
GIS tools and multi-temporal synthetic aperture radar and optical data provides additional benefits
by enabling the determination of basin characteristics and facilitating the adjustment of river
component scenarios to fit various river sizes. It also allows users to gain a more comprehensive
understanding of watershed conditions during and after a flood. Two main types of data sources
for flood analysis are optical and active sensors. More information and description about these

data sources and their applications are explained below

2521 Optical Sensors

Visual interpretation of aerial photos was one of the most famous methods to detect flood
locations in many years ago. (Oberstadler, Honsch, and Huth 1997) investigated the efficiency of
the visual interpretation of aerial photos method and a European Remote Sensing (ERS-1) satellite
data analysis with automatic classification techniques to derive the flood boundary. Their findings
demonstrated that visual interpretation yielded more precise outcomes in comparison to satellite
analysis. This discrepancy was attributed to the limited resolution of satellite data and the
technological and computational limitations prevalent during that period. Recently, the
accessibility to the wide range of software, very high-resolution satellite imageries, active and
passive sensors, facilitated the data collection, flood analysis and mapping within few hours
(Auynirundronkool et al. 2012). Nowadays, visual interpretation is seen by researchers as a method
that consumes a lot of time, lacks accuracy, and is expensive. It relies on expert knowledge and
consequently may contain errors. (Bovenga et al. 2018). Moreover, it requires field surveys
simultaneously.

It is evident that optical imageries are not suitable for flood detection applications (Shastry
et al. 2023). The reason is usually during the flood, the sky is covered by so many clouds which
limit the observation for the optical sensors. These sensors are not capable of penetrating the cloud
cover and they are highly affected by weather conditions. Using active sensors can overcome the

difficulties and drawbacks of optical sensors which will be explained in the next sub-section.
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Figure 6. The electromagnetic spectrum and atmospheric transmittance.

2522 Active Sensors

SAR is an active system that produces high-resolution imaging at radar frequencies, even
from spaceborne platforms. The SAR system operates by emitting radar pulses to either side of the
platform in sequences. It determines the cross-track position of objects based on the return time of
the pulses, and their along-track position by recording amplitude and phase information. This
information can be synthesized to simulate returns as if they came from a longer antenna. Finally,
the amplitude and phase data obtained are processed to generate a digital image. That process
might also contain some local averaging to decrease the image noise (Horritt 1999). Active sensors
are not affected by sun illumination and atmospheric conditions (Horritt, Mason, and Luckman
2001). Moreover, they can penetrate the cloud cover and vegetation (Karjalainen et al. 2012). They
have the capability to function day and night, and with either single- or multi-polarized modes,
they can emphasize different features of the same landscape. Furthermore, the flooded area under
the vegetation can be detected using SAR imageries (Horritt 2003)

Water bodies produce no return to the antenna in the microwave spectrum and will be shown
as black in SAR imagery. Due to the specular backscattering characteristics of SAR pulses on plain

water bodies and the resulting low signal return, the use of SAR data for high-resolution flood
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mapping is comparatively straightforward (Matgen et al. 2011). Therefore, it can be concluded that
SAR imagery offers a huge potential for flood studies (Kim and Lee 2020). Not only in flood
studies, SAR systems are rising in importance for environmental monitoring projects such as
LULC mapping, oil-spill discovery, landslide and forestry (Singh and Vyas 2022).

For example, the resolution of Sentinel-1 ranges between 5 to 20 meters (in IW mode), and
it revisits areas every 6 to 12 days (more frequently at lower latitudes). Signal processing enhances
the image's clarity. Smooth surfaces reflect incident waves away from the satellite, while rough

surfaces scatter waves back to it.
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Figure 7. Sentinel-1 imaging modes
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Sentinel-1 operates using two satellites that orbit the Earth in a polar trajectory, and each
satellite is equipped with four different modes for acquiring data. I haven't completely
comprehended the distinctions between these modes, and I believe such understanding may not be
necessary. Through trial and error, I identified the optimal combination of modes that suits my
requirements.

» Mode: Interferometric Wide Swath (“IW”: analyzing the interference of two
crossing waves)
» Polarization: VV (vertical transmission polarization, vertical reception)

2.6 Flood Conditioning Factor

Floods have various and often connected causes which are called conditioning factors (Al-
Kindi and Alabri 2024). The relation and impact of each conditioning factor with flooding should
be assessed in order to perform susceptibility analysis (Duwal et al. 2023). The conditioning factor
needs to be quantifiable, and there should be a relationship between this factor and the dependent
data (flood). Also, the conditioning factor should be collected from the whole study area while it
should not represent uniform spatial information (Al-Juaidi, Nassar, and Al-Juaidi 2018).
Moreover, its impact should not result in two different outcomes by the end of the process. These
factors can be in nominal, ordinal, interval, or ratio scale format (Aldiansyah and Wardani 2023).
In natural hazards research, huge databases are often needed. The key elements for producing the
best flood maps include using accurate and comprehensive datasets, as well as employing robust
modeling techniques.

Additionally, anthropogenic factors like urban areas, road networks, or land use should be
considered when assessing flood susceptibility. These factors are related to flood events (Nguyen,
Fukuda, and Nguyen 2024). New insights into hydrological research involve determining and
mitigating flooding using GIS, digital soil-type maps, topography, and land use/cover data
(Mangkhaseum et al. 2024). Different factors may impact flood occurrences in specific regions
but might not affect other areas similarly. There is no consensus on which factors are essential for
flood susceptibility assessments. However, many researchers commonly use certain factors,
emphasizing their significance and critical role in flood research. Below are some of the primary
conditioning factors widely utilized in flood studies.

Low-lying areas, subject to rapid drainage from high to low elevations, are particularly

vulnerable to flooding (Choubin et al. 2019). Similarly, the gradient of the slope significantly
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impacts flood risk (Khosravi et al. 2016), with lower gradients posing challenges for effective
drainage after flooding (Khosravi et al. 2018). Aspect, representing the orientations of the slope
(Shafizadeh-Moghadam et al. 2018) affects soil moisture and weather conditions, influencing
flood susceptibility (Rahmati, Pourghasemi, and Zeinivand 2016). SPI quantifies flow erosion
power and runoft density (Florinsky 2017). Curvature, indicating surface shape, identifies regions
prone to flooding(Khosravi et al. 2019; Tehrany et al. 2015) ,with negative values signifying
convexity, positive values indicating concavity, and zero indicating flatness (Youssef, Pradhan,
and Sefry 2016). Elevated TWI values highlight areas prone to inundation (Chen and Yu 2011;
Serensen, Zinko, and Seibert 2006). NDVI values represent vegetation vitality, with higher values
indicative of denser vegetation cover (Askar et al. 2022), which is inversely related to flood
susceptibility (Kumar and Acharya 2016). Rainfall is a primary driver of flooding (Kumar and
Acharya 2016). The rainfall depth, intensity, and frequency majorly determine flooding. Annual
average rainfall data was mapped using ERAS5 data from 2010 to 2020. DTR influences flood
probabilities, with closer proximity increasing the likelihood (Shahabi et al. 2020). Soil type affects
water absorption and accumulation during floods (Rahmati et al. 2016), while LULC delineates
areas at risk (Khosravi et al. 2019), vegetated areas increase travel time and slow the runoff, and

bare lands and built-up areas facilitate the flow.
2.7 Flood Modeling

2.7.1 Traditional Hydrological and Hydrodynamic Methods

Over the years, many methods have been developed by the hydrologists for flood modeling
(Bahremand et al. 2007; Jayakrishnan et al. 2005). The main aim for most of these flood modeling
is to have clear and precise estimation of discharge conditions for the watersheds (Ingle Smith
1999). Many hydrological approaches have been used in the literature (De Ledn Pérez et al. 2024;
Fenicia et al. 2014). Traditional hydrological methods such as physical based rainfall-runoff
modeling techniques and data-driven techniques are not capable for comprehensive analysis of
rivers and inundation areas (Ingle Smith 1999). The reason being the hydrological methods follow
one-dimensional procedure while the morphology of the river is not stable, and it has dynamic
characteristic due to the high erosive potential (Refsgaard 1997). Moreover, these methods require
fieldwork and huge budget for data collection (De Leon Pérez et al. 2024; Fenicia et al. 2014).
Additionally, calibration and information about the internal procedure of basin are two other

difficulties for some hydrological studies
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In conceptual based models, the process of the flood spreading is typically defined by the
Saint Venant equations which analytical solution cannot be achieved using these equations(Chau
and Lee 1991). Although mechanism of hydrological process can be described using the
conceptual based models, having specific data such as precipitation, river system, runoff and
topographic characteristic is necessary for the purpose of calibration (Chau, Wu, and Li 2005).
This is considered as a serious drawback of such approaches owing mostly to time consuming,
costly and difficult to obtain. On the other hand, sophisticated physical models are also not suitable
for real-time prediction as huge dataset is needed and the process requires significant time for
model building (Beven et al. 1984). In recent years, numerous techniques have been developed
and utilized for mapping areas susceptible to floods. These methods are in most cases combined
with GIS and RS data (Chormanski et al. 2008). Examples of such models include; WetSpa (Azizi,
Mohajerani, and Akhavan 2018), HYDROTEL (Fortin et al. 2001; Ibarra-Zavaleta et al. 2017) and
SWAT (Jayakrishnan et al. 2005; Jimeno-Séez et al. 2022), LISFLOOD (De Roo, Wesseling, and
Van Deursen 2000; Van Der Knijff, Younis, and De Roo 2010), TOPMODEL (Januério, Filho, and
Salviano 2022), and HEC-HMS (Bruno et al. 2022)

2.7.2 RS and GIS Based Methods

(Townsend and Walsh 1998) is one of the pioneer studies that proved the possibility of
flood prediction through RS modeling in GIS environment. In the literature, many methods have
been reported using these techniques such as (Al-Juaidi et al. 2018; Garcia-Pintado et al. 2013;
Swain, Singha, and Nayak 2020; Youssef, Pradhan, and Hassan 2011) and many more. Although
some of them were able to produce acceptable results, still they contain some weak points that
need to be improved (Matgen et al. 2007). For example, flood susceptibility can be analyzed by
qualitative and quantitative techniques such as artificial neural networks (Ighile et al. 2022), FR
(Megahed et al. 2023) , AHP (Selvam and Antony Jebamalai 2023), LR (Al-Juaidi et al. 2018),
adaptive neuro-fuzzy interface system (ANFIS) (Razavi Termeh et al. 2018) and etc. The main
concept of all those researches imply the analysis and transforming the input factors into a single
output model using the different weighting, computing and interpolating techniques i.e.
knowledge-based techniques, qualitative techniques and data mining techniques (Meyer, Scheuer,
and Haase 2009). All those efforts came to a same result; that the flood phenomenon has non-linear
structure, due to the complexity of the geological environment and existence of conditioning and

triggering factors (Gupta et al. 2010).
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2.7.3 Machine Learning and Deep learning Methods

The application of machine learning methods in flood modeling is proven by many
researches (Bhattarai et al. 2024; Duwal et al. 2023; Mangkhaseum et al. 2024). Machine learning
is the main source of techniques for the data-driven modeling (Chen et al. 2020). This field of
computer science focuses on algorithms that learn from existing data to perform tasks like
classification, prediction, or clustering. However, there is a lack of research on the effectiveness
of methods such as Convolutional Neural Network (CNN), Deep Neural Network (DNN), Random
Forest (RF), Support Vector Machine (SVM), Artificial Neural Networks (ANNs), and Long Short-
Term Memory (LSTM) specifically in flood studies.

Machine learning, a subset of artificial intelligence (AI), employs mathematical algorithms
to detect data patterns efficiently, without the need for complex coding. For instance, machine
learning is gaining popularity in analyzing non-linear systems and predicting floods. In contrast,
traditional flood forecasting systems often involve multiple hydrologic and hydraulic models that
simulate physical processes. While these models can help with system knowledge, they typically
have high computational and data requirements, swift training and validation, less difficulty, and
higher performance than physical models (Ighile et al. 2022; Kim et al. 2016; Wagenaar et al.
2020) In addition, machine learning models can be supervised, unsupervised, or reinforced.

a) Supervised learning algorithms teach themselves to perform functions that can generate

predictions (Uddin et al. 2019). A typical example of a supervised learning algorithm is
the linear regression model (Panigrahi, Kathala, and Sujatha 2023)

b) Unsupervised learning algorithms are a category of machine learning techniques where
the model is trained on unlabeled data (Usama et al. 2019). These algorithms aim to
find hidden patterns or structures in the input data without specific guidance or labeled
outcomes.

¢) Reinforcement learning, a field within machine learning, explores how intelligent
agents can optimize their actions in different environments to maximize cumulative
rewards. Unlike supervised learning, reinforcement learning operates without requiring
labeled input-output pairs or explicit corrections for suboptimal behaviors. Instead, the
focus is on striking a balance between exploration (new terrain) and utilizing existing
information (Kaelbling, Littman, and Moore 1996). Typical applications of

reinforcement learning include autonomous driving, robotics, game playing,
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recommendation systems and finance and trading

2.7.3.1 Artificial Neural Network (ANN)

Artificial Neural Network (ANN) is a computational model inspired by the human brain. It
consists of interconnected nodes (neurons) organized in layers: input, hidden, and output. Neurons
receive input, compute weighted sums, and pass outputs through activation functions to the next
layer. ANNs learn by adjusting connection weights during training, using algorithms like
backpropagation to minimize errors between predicted and actual outputs as shows in Figure 8,
The idea of artificial neural networks. In flood forecasting, ANN has attracted the attention of
researchers enduringly (Chai, Wong, and Goh 2016) as it has the great competence in nonlinear
modelling and complex framework without clear physical justification. Hydrologist examines
ANN in different flood scenarios such as flood inundation forecasting model (Chang et al. 2018),
rainfall-runoff analysis (Vidyarthi, Jain, and Chourasiya 2020), stream flow forecasting
(Kasiviswanathan et al. 2016). Recent researches have introduced hybridization approach within
ML model or other models like physical based model in order to maximize accuracy rate (El-
Telbany 2017; Saur 2017). More details of ANN such as DL, BPNN and FENN are further

explained below.

1. The Back Propagation Neural Network (BPNN) is an algorithm utilized within ANN.
During the processing of a feedforward neural network, if errors are detected, the
backpropagation algorithm intervenes to adjust the weights iteratively until satisfactory
results are achieved

2. The Feed Forward Neural Network (FFNN) is a neural network algorithm where
information flows in a forward direction, from the input layer through hidden layers to
the output layer, without adjusting weights during this process

3. Deep Learning (DL) is a relatively recent area of research in ML and Artificial
Intelligence. Additionally, it is one of the most prevalent scientific study topics
nowadays (Minar and Naher 2018; X. Wang, Zhao, and Pourpanah 2020). Applications
such as cancer detection, precision medicine, self-driving cars, predictive forecasting,
and voice recognition are just a few of the areas where it has already made a significant
impact (Shrestha and Mahmood 2019). On top of that, Deep learning is considered the

most effective approach for addressing challenges in image recognition, speech
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recognition, forecasting, and natural language processing. It is also the optimal solution
in time series data analysis to solve flood prediction problem. (Gude, Corns, and Long
2020) reveal in their study that flood prediction using DL model was more accurate than
the physical and statistical models. Further description of different types of DL
algorithms that can be applied for different problems and data types.
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2.7.3.2 Random Forest (RF)

The Random Forest model was introduced by (Breiman 2001). It is a combined learning
method that uses a large number of decision trees as weak classifiers to form a powerful classifier
(Figure 9) (Nguyen 2022). It combines the methods of bagging and random subspace. The
"bagging" method involves randomly selecting observations from the training data to create
subsets, while the basic idea of the "random subspace" method is to randomly select derived
independent variables (Li and Hong 2023). Each decision tree thus takes a random subset of
observations with a subset of factors and produces a predicted outcome. The final prediction of the
Random Forest model is the combination of all the outcomes, which is more accurate due to the
applied randomness (Chen et al. 2020). This approach also reduces the common problem of
overfitting the model to the training patterns, as decision trees that grow large enough tend to learn
unusual patterns and overfit the results to the specific data. For classification problems, the final
result is generated according to Breiman's original publication by the majority vote of the decision
trees. In this paper, the Python scikit-learn library was used, where the final prediction is made
probabilistically, considering the uncertainty of each tree (Kaiser, Glinnemann, and Disse 2022)

The two main parameters of the model optimized are the number of decision trees, defined
as n_estimators, and the number of independent variables in each tree, or max_features (Y. Wang
et al. 2020). The max_depth parameter, as defined in the previous model, and ccp_alpha, used to
perform '"pruning" of the tree to avoid overfitting, were also chosen. Additionally,
min_samples_leaf and min_samples split was selected to further protect the model from
overfitting.

The RF model is not sensitive to multivariate where one variable can be linearly predicted
by others and can handle data unevenly and incompletely. Therefore, it is a widely used method
for predicting areas of high flood susceptibility and can be used for both classification and

regression problems (Abedi et al. 2022; Farhadi and Najafzadeh 2021; Tang et al. 2020)
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Figure 9. Training process of the Random Forest algorithm

2.7.3.3 Support Vector Machine (SVM)

Support Vector Machine (SVM) is a binary classifier and machine learning algorithm and
it is based on the structural risk minimization principle (Duwal et al. 2023; Yao, Tham, and Dai
2008). Creating a separating hyperplane from the training dataset forms the foundation of this
approach. Separating hyper-plane is generated in the original space of n coordinates (xi parameters
in vector x) between the points of two distinct classes (Marjanovié et al. 2011; Tehrany et al. 2015).
SVM finds a maximum margin of separation between the classes and builds a classification hyper-
plane in the central of the maximum margin (Pradhan 2013). Points above the hyperplane are
classified as +1, while those below are classified as -1. Support vectors are the training points that
are closest to the optimal hyper-plane

The classification of new data can be done after the acquisition of the decision surface (Bui
et al., 2012a). In the context of flood susceptibility, we have a training dataset consisting of pairs
(x; —y;) with x; € R™, y;{+1,—1}, and i — 1, ....,m. In the present circumstance of flood
susceptibility, x is a vector of input space that contains altitude, curvature, river, SPI, rainfall,

LULC, soil, TWI and slope. The two classes {+1, —1} indicate flooded pixels and non-flooded
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pixels. Recognizing the optimal separating hyper-plane is the goal of SVM, which can separate
the two classes into flood and non-flood {+1, —1} from the training dataset (Tehrany et al. 2014).

For the case of linear separable data, a separating hyper- plane can be defined as:

yilw.x; + b) = 1¢; (2.1)
where w is a coefficient vector that defines the orientation of the hyper-plane in the feature
space, b is the offset of the hyper-plane from the origin, and &; is the positive slack variables
(Cortes and Vapnik 1995). The following optimization problem using Lagrangian multipliers will
be solved through the determination of an optimal hyper- plane (Samui 2008).

Maximum.
margin
™

o ®
SN

Figure 10. Hyperplanes and Margins

2.7.3.4 Long Short-term Memory (LSTM)

LSTM is a type of RNN that was designed to handle long-term serial data requirements
(Gude et al. 2020). The LSTM network is comparable to the RNN in architecture, but it is capable
of retaining long-term information. Although (Hochreiter Sepp and Schmidhuber Jirgen n.d.)
developed the LSTM network in 1997, it was not employed for rainfall-runoff (RR) modelling
until 2016. (Van Houdt, Mosquera, and Napoles 2020) reported that since 2016 a few studies have
employed LSTM for RR modelling and found positive results. Many of the experiments
demonstrated that the LSTM network outperformed other RNN networks in capturing the
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dynamics of time-series for hydrologic applications (Bakhshi Ostadkalayeh et al. 2023; Gude et
al. 2020; Van Houdt et al. 2020). Also, LSTM has become popular for applying flood
susceptibility; The ability of LSTM models to capture temporal dependencies and process
sequential data makes them superior to traditional methods (Fang et al. 2021; Zou et al. 2023)
Figure 11 illustrates an LSTM network cell that includes an input layer, hidden units, as

well as an output unit. The input layer is defined as X = [xt_l, Xt Xep1 oo xn], and the output vector

definedas Y = [yt_l, Ve Vet1r o y]. Further unfold the hidden layer the gates can figure out which
information in a series should be kept and which should be discarded. It can then send vital
information through the lengthy chain of sequencing to create predictions (Gude et al., 2020; Li et
al., 2021). The LSTM unit consists of a cell state ct, an input gate it, a forget gate ft, a cell gate gt,
and an output gate o;. For each time step t with the precipitation input vector x;, previous hidden
cell state hy_,, and previous cell state c;_1,, the updated hidden state h, is computed by (Xie,

Randall, and Chau 2022) the following calculations using Equations (2.2) - (2.7).

iy = o(WiiX; + by + Whihe—q + by;) (2.2)

fe = o(wipxi + big + wipph_y + bpy) (2.3)
ge = tanh(wigx; + big + wyghi_1 + bpg) (2.4)
0r = o(WioX; + bio + Wioht—1 + bpo) (2.5)
Ce= fi* Ce—1+i, * 9t (2.6)
hy = oy * tanh(c,) (2.7)

Where o is indicates sigmoid, W is weight matrices, b denotes bias. Since we are working on flood
susceptibility mapping, future time steps should have no effect on previous time steps. As a result,

a single directional LSTM network used in this research as shown in Figure 11
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2.7.3.5 Deep neural networks

DNN are generally categorized as ANN algorithms but with multiple (deep) hidden layers
(based on the complexity of the features) applying a feed-forward network for the back-
propagation training algorithm (Bui et al. 2020; Tien Bui et al. 2020). The use of numerous hidden
layers empowers the algorithm to better describe the nonlinear and complex features such as
flooding (Tien Bui et al. 2020). Herein, the hidden layer was set to three according to the previous
studies and to obtain stronger feature learning (Bui et al. 2020; Tien Bui et al. 2020). DNN is a
type of neural network with the Sigmoid function deployed within each neuron in the hidden layers
to perform the backpropagation and weighting system. The sigmoid (Bui et al. 2020) activation
function f,, is defined by (1 + e *)71. Due to training via the gradient-based algorithm with
backpropagation, ReLU is used to avoid dispersing gradient (Tien Bui et al. 2020)
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Figure 12. Structure of DNN model

2.8 Validation
2.8.1 Flood Location Map

The accuracy of the produced flood inventory map can be described based on the
completeness of the map and precision of the information shown on the map. There are multiple
approaches to assess the effectiveness and accuracy of the produced inventory map. However, one
of the most popular methods is to create a confusion matrix (Duro, Franklin, and Dub¢ 2012;
Palanisamy, Jain, and Bonafoni 2023; Wu et al. 2023) Using confusion matrix four types of
accuracy assessments can be done which are related to different aspects. Various metrics, including
Overall accuracy, producer's accuracy, user's accuracy, and kappa coefficients evaluate the quality
of the inventory map. Overall accuracy is determined by dividing the number of correctly classified
pixels by the total number of pixels in the test dataset. Producer's accuracy indicates how
accurately a specific land use and land cover (LULC) type is identified. User's accuracy assesses
the probability that a pixel identified as a specific LULC class on the map accurately represents

that class. Kappa coefficient is the difference between the actual agreement between the reference
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data and an automated classifier and the chance agreement between the reference data and a

random classifier (Mangkhaseum and Hanazawa 2021; Pande 2022)
2.8.2 Flood Susceptibility Maps

The AUC is considered as one of the most popular methods to assess the efficiency of the
generated method which produces both success and prediction rates (Abedi et al. 2022). Prediction
and success rates should be evaluated as an essential outcome of every program (Khosravi et al.
2018). Their popularity arises from their comprehensive, clear, and visually appealing method of
assessing accuracy. The ranking of each prediction pattern is established by arranging the measured
probability index from highest to lowest. As a result, the data points are categorized into 100
classes vertically (y-axis), with 1% increments horizontally (x-axis). Flood events in both training
and testing sets within each category are analyzed, and success and prediction rates are
subsequently calculated based on these evaluations.

Validation involves comparing the actual flood data with the flood probability map that has
been generated. The range of the AUC varies from 0 to 1.0, as the value of 1.0 represents the
highest accuracy showing that the model was completely satisfied to predict the disaster
occurrence without any biased effect (Duwal et al. 2023; Tehrany, Kumar, et al. 2019). Therefore,
the model is considered more accurate and reliable as the AUC value approaches 1.0. The success
rate is based on the training dataset, which contains 70% of the flood inventory. The training flood
layer is used to create the model and therefore cannot be used to validate its actual performance.
Therefore, the model's predictive performance cannot be fully evaluated using only the training
data. The prediction rate shows how well the model can predict the flooding in an area (Bhattarai
et al. 2024; Saber et al. 2023; Shafapourtehrany et al. 2023; Tehrany and Kumar 2018). As a result,
the prediction rate is measured using the testing dataset to assess the model's generalization

capability.
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CHAPTER 3

STUDY AREA

3.1 Overview

This chapter focuses on the characteristics of the NNRB, which is the study area of this
research. The background of the NNRB will be presented first to establish an understanding of the
basin. The following parts of this chapter cover the flood Inventory, conditioning factor, and the

methodology involved in the flood susceptibility modeling.

3.2 Nam Ngum River Basin (NNRB), Lao PDR

Lao PDR, situated in Southeast Asia, is rich in water resources, with the Mekong River
Basin covering 90% of its territory. The Nam Ngum River, a key watercourse, extends about 420
km from the Xiengkhouang plateau to the Vientiane Plain (Meema et al. 2021). The NNRB, the
country's fourth-largest basin, spans 16,931 km? and is located between longitudes 102° 25' E and
103° 30" E and latitudes 18° 30' N and 19° 30' N (Adams, Blakers, and Someth n.d.; Dhungana et
al. 2023; Meema et al. 2021). It is characterized by hilly terrain with elevations ranging from 2,569
to 114 meters above sea level (MASL) at the Mekong River confluence (Figure 13). The basin,
which includes 19 districts across six provinces, contributes 4% to the Mekong's mean annual flow.
It has a tropical climate with clear wet and dry seasons, influenced by East Asian and Indian
monsoons. From June to October, the rainy season sees heavy rainfall of 1,500 to 3,000 mm

annually, exacerbated by Southwest monsoons and Pacific Ocean typhoons causing floods almost

every year
Table 2 The area size of province within the NNRB
No Province Area size Area size Area size
(km?) within basin within basin
(km?) (%)
1 Vientiane Capital 3,920 1,928 11.4
2 Luangphabang 16,875 696 4.1
3 Xiengkhuang 14,751 2,858 16.9
4 Vientiane 15,610 6,957 41.1
5 Bolikhamxay 14,863 63 0.4
6 Xaysomboon 8,551 4,429 26.2
Total 74,570 16,931 100
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Figure 13. The location of the Nam Ngum River Basin and photographs of flooded areas

3.3 Methodology

The proposed methodology comprises (a) preparation of flood inventory, (b) preparation of
flood conditioning factors, (c) Selection of the suitable conditioning factors using multicollinearity
test, (d) flood susceptibility modeling using machine learning approaches, (¢) comparison and
validation of the approaches, and (f) flood susceptibility mapping. The detailed methodological

framework is shown in Figure 14.
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Figure 14. The methodology involved in flood susceptibility modeling.

3.3.1 Data collection and preparation

The flood susceptibility mapping was initiated from data collection. One of the study’s main
objectives was to use open-source remote sensing data for flood susceptibility mapping. Since data
scarcity is the major hindrance in developing countries like Lao PDR, publically available satellite-
based remote sensing data are vital (Saha et al. 2021). Historical flood records were collected from
online news portals for the tentative location of the flooded areas. Likewise, sentinel-1 SAR
images were analyzed in the Google Earth Engine for flood area detection. These data, along with
the information from the Knowledge for Development (K4D) (https://apps.k4d.la/explorer) online
portal (for years 2018, 2019, and 2020) and the historical flooded area (from 1985 to 2010) from
Colorado Flood Observatory (https://floodobservatory.colorado.edu) were initially analyzed to
locate flooded areas. For further processing, we acquired ALOS-PALSAR DEM
(https://ast.alaska.edu/) to prepare conditioning factors. We extracted factors, such as slope, aspect,
elevation, curvature, TWI, and SPI from ALOS-PALSAR DEM. The average rainfall data from
2010 to 2020 were acquired from ERAS (https://cds.climate.copernicus.eu/), while NDVI was
derived from Landsat 8 images (https://earthexplorer.usgs.gov/) using the Google Earth Engine.

Land use/landcover (LULC) data were obtained from 10m Sentinel 2 images based on Table 4.
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3.3.2 Preparation of flood inventory data

Flood inventory is the foremost and essential step in flood susceptibility modeling (Ahmed
et al. 2022; Hansana et al. 2023; Khosravi et al. 2018). The historically flooded areas were used to
prepare the flood inventory. To locate the flood points, random points were generated in the flooded
area detected using Sentinel-1 SAR images in the Google Earth Engine. Sentinel-1 SAR satellite
data of 10m resolution excels in capturing images regardless of time and weather (Hamidi et al.
2023; Martinis, Plank, and Cwik 2018; Twele et al. 2016). We used Level 1 GRD data in IW Swath
mode (Table 1), which has a 250km swath width (Askar et al. 2022; Nagler et al. 2015). After
visual inspection of the generated flood points and assessment of the change in accuracy of the
modeling results, we selected only 390 past flood points. The non-flood locations were selected
visually, where the probability of flooding is none—for example, the hilltops and ridges of the
mountains. Equal numbers of flood and non-flood locations were used for the inventory for
increased accuracy, as suggested by (Buitinck et al. 2013; Tang et al. 2020; Towfiqul Islam et al.
2021)Values of 1 as flood and 0 as non-flood points were assigned for model training and testing,

using 70% of the data for training and 30% for testing.

Table 3 Description of Sentinel-1 data

Sensors Sensor Mode Polarization Pass Direction Dates of Acquisition

August 03 to September

07,2018
Sentinel-1A  Interferometry VV, VH Ascending July 25 to September 07,
wide swath (IW) 2019
August 05 to October 22,
2020
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3.3.3 Flood conditioning factors

The flood conditioning factors are crucial in mapping flood susceptibility (Mojaddadi et al.
2017). Identification of the factors that play a vital role in flood susceptibility mapping. However,
the selection of appropriate conditioning factors depends on the nature of the particular region
(Amiri et al. 2024). Eleven flood conditioning including elevation, slope, aspect, curvature,
topographic wetness index (TWI), stream power index (SPI), distance to the river (DTR),
normalized difference vegetation index (NDVI), land use/land cover (LULC), rainfall, and soil
type were selected based on literature (Dodangeh et al. 2020; Khosravi et al. 2019; Shafizadeh-
Moghadam et al. 2018). Parameters like slope, curvature, aspect, DTR, drainage density, SPI, and
TWI were derived from the ALOS-PALSAR DEM of 12.5m resolution, and other data were
acquired from different sources, as shown in Table 4.

The spatial and temporal resolution of the conditioning factors affects the precision of the
underlying results (Saha et al. 2021). However, the study by (Avand et al. 2022) states that spatial
resolution alone does not affect the model’s prediction significantly, but the type of model and
local condition are affected remarkably. For this study, we focused on the publically available data
with better spatial and temporal resolution for the analysis. Since most of the conditioning factors
are derived from DEM data, other conditioning factors were resampled to the resolution of the
DEM data, i.e. 12.5m, to obtain the final results. The conditioning factors were reclassified to
create class data. Based on previous studies (Bhattarai et al. 2024; Chapi et al. 2017; Duwal et al.
2023; Mangkhaseum et al. 2024; Shahabi et al. 2020; Tien Bui et al. 2018) the natural break was
used to reclassify elevation, slope, aspect, and rainfall. NDVI. TWI, SPI, and DTR were

reclassified using quantile division, and LULC, soil, and curvature were reclassified manually.
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Table 4 Description of data used in the study

. Original ) _ Derived Data
Primary Data Data Source Spatial Resolution
Data Format

Elevation, Slope,
ALOS PALSAR DEM
DEM Raster 12.5mx 12.5m Aspect, Curvature,
(https://search.asf.alaska.edu/)
TWI, SPI, DTR

Landsat 8 Raster USGS 30m x 30 m NDVI
Sentinel 2 Raster ESA I0m x 10 m LULC
ERAS Raster www.cds.climate.copernicus.eu 30km x 30km Rainfall
Environment Vector Soil Map
FAO 1:500,000
al map
102 102230 1032 Y 102° 102230 103° o
| 1 L = 1 1 1
Elevation(m) a [Slope(Degree) &
[1] 115 - 267 [5] 930 - 1111 [9] 1592 - 1850 A [y1-s [ 5122-26 W) 43-52 B
121268-469 6] 1112-1255  [10] 1851 - 2569 1216-10 [6127-30 Wiojs3-s2
[3] 470 - 699 .[7] 1256 - 1409 [3] 11 -16 .[7] 31-36
[41700-929 [ 1[8] 1410 - 1591 [4]17-21 Wisi37-42
2 z 2 =
02* _';: 2_‘* 62
24 2 8 2
g_or \\"--Vientiane e gv—c' %7 ™ N "~ & S
: p r 0510 20 30 4?“” 7 Vientiane 7 0510 20 30 40 -
N\mn’g’Kha\ / Nnng/)(/hal or = I
102° 1253 1055 1020 102730 103°

39



102° 102°30° 103° e 102° 102°30" 103° B
Aspect (Degree) £ Stream Power Index &
[1]0-27 Cs1146-180 ol 286 - 322 ( ‘ ppoa-00  [sjo9-11 9 24-33 D
[2] 28 - 67 ier181-214  i10] 323 - 360 21oa-03  [We12-15  [Wiejs4-178
B3168-107 7] 215-248 Blo4-06  M7L6-18
[4]108-145  [J(8] 249 - 285 [4107-08  [HI8I1.9-2.3
2 z 7 z
e s 2 E
g E- e
2. z 7 :
% % =2 E
- Vientiane " 0510 20 30 40 |~ ~-Vientiane =" 0510 20 30 40 |~
; s . km i w, kM
{'_ N\Dng Khai “.'_ N\ong Khai
102° 102730 103* 102° 102°30" 103°
102° 102730 103 R 2> 102°30° 103° .
urvature & Topographic Wetness Index a
Concave Flat B convex E []01-44 15]5.6-5.9 [9]7.5-9.4 F
2] 4.5-4.8 [6]6-6.2 [10] 9.5 - 31.1
[3] 4.9-5.1 [716.3-6.7
14]5.2-55 [8]6.8-7.4
= 52 >
B 5 2 5
2 R =
| 7% o
— oo _— E
- Vientiane " 9510 20 30 40 |~ “S=vienciane == 1510 20 30 40 || —
' & . km J > . km
£ N\ung Khai ( N\ung Khai
102¢ 102930 103° 102° 102930 103°

40



qu“ ‘ 102?30'
Normalized Difference Vegetation Index
[1]-0.61 - -0.24 = [5] 0.28-0.39 .[9] 0.67-0.73
[2)-023--0.1 (6] 0.4-048 [Ji10j0.74-0386
[3]-0.09 - 0.09 [7] 0.49 - 0.58
4] 0.1-0.27 .IS] 0.59 - 0.66

103°

%
=
i
%] )
- Vientiane 0510 20 30 40
e e km
Nong Khai
1020 102°30" 103°
102° 102°30° 103° .
Distance to River &
[1]0-0.1 W5 2.8- 4.1 19]9.8-1.3 I
z1oa-07  [i614.2-56 [10] 1.4 -3.3
3los-1.6  [7157-74
4] 1.7-2.7 18]7.5-9.7
2 S
2] o
- >
B
2 =
3 S
= =
~~Vientiane 0510 20 30 40 |~
) ; . km
N_angxhci
102° 102730 103°

00

a0
19730

1oy

(B4

18230’

18°

102° 102°30" 103° .
Rainfall (mm) B
(111233 - 1425 W51 2005 - 2288 191 2890 - 3190 H
1211426 - 1648 (6] 2289 - 2472 110 3191 - 3703
311649 - 1881 17 2473 - 2676
141 1882 - 2094 181 2677 - 2889
=
1 o
&
)
>
. &
%
- 1
- V'E"F'aﬂe 0510 20 30 40 -
) / . km
Nong Khai
1020 102°30" 103°
102° 102230 103° .
Soil I
Clay Heavy Clay Loamy Sand J
Loam Null Sand
[iSandy Loam Light Clay
= .
e =
2 X
2 5
= -
o &
z B
£y : _ %
" “Vientiane 0510 20 30 40 |~
. km
NangKhai
1022 102230 103°

41



1q2° ‘ 102°30" 103°
Land Use/Land Cover

.Vegetaﬁnn .Built-up .Wﬂter body I <
© Agriculture Paddy rice
Barren Land || Orchards

2
=
(]
=
<X
=
o
=
—
P2
=

160

19°30"
19230

19¢

Flood Inventory Points

® |0] No flood
A |1] Flood

18230

BRI 0510 20 30 40 |~
] v . km
I NongKhai
102° 102°30" 103°

Figure 15. Flood conditioning factors

a. Elevation is defined as the difference in height from sea level, which is related to climatic
conditions (Shafizadeh-Moghadam et al. 2018). According to (Tehrany et al. 2015), it is
one of the most important factors in flood-related studies. More specifically, higher
elevation implies a lower probability of a flood event, as the runoff is directed downstream
of the basin (Chapi et al. 2017; Khosravi et al. 2018). The elevation ranges between 115
and 2569 meters. It was manually classified into ten categories: 115-267m, 268-469m, 470-
700m, 700-929m, 930-111m, 1112-1255m, 1256-1409, 1410-1591m, 1592-1850m, and
1851-2569m. Al-Juaidi et al., 2018; Khosravi et al., 2016

b. The slope angle of the terrain was shown by (Arabameri et al. 2019) and (Costache and
Tien Bui 2019) to be the most important factor affecting the flooding process. It controls
the velocity of water on the soil surface and affects the processes of runoff and infiltration

inversely (Al-Juaidi et al. 2018; Khosravi et al. 2016). Areas of high susceptibility to
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flooding are typically flat areas (Tehrany, Pradhan, and Jebur 2013). It was divided into
five categories using the Natural Breaks method which are 1°, 1°-5°, 6°-10°, 11°-16°, 17°-
21°,22°-26°, 27°-30°, 31°-36°, 37°-42°, 43°-52° and 53°-82°
Aspect refers to the horizontal direction in which the slope faces (Mojaddadi et al. 2017).
Areas that are oriented towards the sun's rays are flooded with less frequency. Area that
receives less solar radiation will have more soil moisture therefore more runoft directed
downstream increasing the risk of flooding (Rezaie et al. 2022; Yariyan et al. 2020).
Classified into the categories which are 0°, 0°-27°, 28°-67°, 68°-107°, 108°-145°, 146°-
180°, 181°-214°, 215°-248°, 249°-285°, 286°-322° and 323°-360°
Stream Power Index (SPI) expresses the erosive capacity of a river (Poudyal et al. 2010).
A high SPI value implies that the flow has high power, and areas with low SPI values
receive the flow, increasing the probability of flooding (Chapi et al. 2017). According to
(Moore, Grayson, and Ladson 1991), the index is calculated using Equation 3.1

SPI = (axtanfB) (3.1)
where, a is the specific basin area and f is the slope angle in degrees at the point. The
Natural breaks method created 10 classes which are >0.1, 0.1-0.0, 0.1-0.3, 0.4-0.6,0.7-
0.8,0.9-1.1, 1.2-1.5, 1.6-1.8, 1.9-2.3, 2.4-3.3, and 3.4-17.8 Khosravi et al., 2019;
Tehrany, Pradhan, & Jebur, 2015)
The curvature represents the ground surface shape, such as flat, convex, and concave areas,
which gives useful information that flat areas are more prone to flooding, as noted earlier
on the slope (Khosravi et al. 2019; Tehrany et al. 2015). The curvature map, derived from
the digital elevation model (DEM), includes three classes, as depicted in (Fig. 11e). In these
classes, negative (-) values represent convex, positive(+) values represent concave, and
values corresponding to O represent flat (Youssef et al. 2016)
The Topographic Moisture Index (TWI), proposed by (BEVEN and KIRKBY 1979),
expresses the amount of water accumulated per unit area (pixel) in a catchment, taking into
account the downward flow due to gravitational force. A higher value of the index implies
a higher susceptibility to flooding in that area (Khosravi et al. 2019). It is calculated using
Equation 3.2

TWI = In (ﬁ) (3.2)

where, a is the cumulative area upstream of the point draining to it and £ is the slope angle
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in degrees. It was grouped into 10 classes using the Natural Breaks method >0. 1, 0.1.-4.4,
4.5-4.8,4.9-5.1,5.2-5.5, 5.6-5.9, 6-6.2, 6.3-6.7, 6.8-7.4, 7.5-9.4, 9.5-31.1

. The Normalized Difference Vegetation Index (NDVI) plays a crucial role in studies on
flood susceptibility. Vegetation acts as a protective factor against flooding, and this index
is the best method for estimating its cover and density (Chowdhuri et al., 2020). The NDVI
was computed from Landsat 8 OLI/TIRS Collection 2 Level-2 satellite images sourced
from the USGS Earth Explorer, utilizing Google Earth Engine. The equation that calculates
the index is (3.3):

(NIR-RED)

NDVI =
(NIR+RED)

(3.3)

where NIR and RED are the values of channels NIR and RED respectively. It takes values
between -1 and +1 (TUCKER and SELLERS 1986). Higher value equals healthier and
denser vegetation, therefore able to retain more water (Tang et al. 2020). Using Natural
breaks method, it was divided into 10 classes which are >-0.61, (-0.61)- (-0.24), (-0.23)- (-
0.2), (-0.09)- (-0.09), 0.1-0.27, 0.28-0.39, 0.4 -0.58, 0.59-0.66, 0.67-0.73 and 0.74-0.86

. Rainfall is a prerequisite for a flood event to occur (Saber et al. 2022, 2023). The
characteristics of rainfall vary depending on the climatic and topographic features of the
region (Gudiyangada Nachappa et al. 2020). Data were obtained from ERAS, monthly for
the years 2010-2020. In a GIS environment, the mean annual rainfall for each year was
calculated and then the mean rainfall for all years was calculated. The spatial resolution of
the data is 20sq km (Lavers et al. 2022). The classification was done in 10 classes using
the Natural breaks method: 1233-1425, 1426-1648, 1649-1881, 1882-2094, 2095-2288,
2289-2472, 2473-2676, 2677-2889, 2890-3190 and 3191-3703

Distance to river is one of the most important factors for the occurrence of a flood,
according to the results of several studies (El-Haddad et al. 2021; Fang et al. 2021,
Shafizadeh-Moghadam et al. 2018) . The hydrographic network, with its rivers and streams,
serves as the main pathway for flood discharge, making areas close to it more susceptible
to flooding (Opperman et al. 2009). The hydrographic network was extracted from a DEM,
and the distance map was constructed using the Proximity (raster distance) tool of GDAL
in ArcGIS. Manual classification into the following six classes was performed: >0, 0-0.1,
0,1-0.7,0.8-1.6, 1.7-2.7, 2,8-4.1, 4.2-5.6, 5,7-7.4, 7.5-9.7,9.8-1.3, and 1.4 -3.3

Soil type affects water absorption, akin to the concept previously discussed regarding
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proximity to roads. For example, the type of soil can influence the amount of water

transported during a flood, just as concrete roads, which do not absorb water, contribute to

flood formation (Rahmati et al. 2016). According to (Huang, Wu, and Zhao 2013), the type
of soil surface plays a crucial role in water infiltration. Apart from the soil's ability to absorb
water, the volume of water it retains also affects flood formation. Thus, a soil type map

(Fig. 13j) was employed as a factor influencing flood susceptibility mapping. This map

was derived from vector data obtained from the Food and Agriculture Organization of the

United Nations (FAO) for the Nam Ngum River Basin (NNRB) study area in Lao PDR.

k. Land use and land cover (LULC) directly or indirectly influence processes such as
subsidence, runoff, and evapotranspiration, making them critical factors in flooding(Avand,
Moradi, and Lasboyee 2021; El-Haddad et al. 2021; Samanta, Pal, and Palsamanta 2018;
Talukdar et al. 2020). Areas with vegetation experience reduced surface runoff compared
to built-up areas, which prevent water from infiltrating into the soil (Hammami et al. 2019).
The land use map was created using Sentinel2 Image from the European Space Agency. It
is categorized into the following types: Built-up Areas, Vegetation, Agriculture, Barren
land, Paddy rice, Orchards and water body (Figure 15k)

In flood susceptibility mapping topological, geological, and hydrological factors can be
used. These factors play a role in causing flooding in a particular area. There is no particular rule
exists to specify how many conditioning factors are enough in flood susceptibility analysis (Kaya
and Derin 2023). Moreover, no framework is available for the choice of conditioning factors. These
factors are usually selected based on the expert’s knowledge. Some researchers believed that as
the number of conditioning factors increases, the accuracy of the produced susceptibility map
increases (Tehrany, Jones, and Shabani 2019). On the other hand, other case studies represent that
a small number of conditioning factors are adequate to provide precise susceptibility maps
(Kavzoglu, Kutlug Sahin, and Colkesen 2015). If all the pertinent influencing factors are examined
and incorporated into the model, it will be comprehensive but may require extensive data, which
can be challenging to obtain. It is thus important to determine which variables can be eliminated

without harming the model’s precision (Sanyal and Lu 2004).

3.4 Python Programming Language — Libraries
The programming language chosen for this work is Python. Programming languages are

artificial languages used to write program commands. A programming language has strictly
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defined syntax and semantics. Correct syntax is necessary for a program to run, while semantics
determine the computational procedures the program will perform.

Python was developed by the Dutch programmer Guido von Rossum in the early 1990s and is
considered the successor to the ABC programming language, as it was the main source of
inspiration for its creation. Its great advantage is the ability to expand easily, allowing elements to
be added according to the needs of each task. It is used internationally for both educational and
commercial purposes. Python is a high-level, easy-to-learn, open-source, and general-purpose
language, making it useful for both beginners and experienced developers. It is compatible with
most commercial operating systems, including Windows, Unix/Linux, and Mac OS.

3.4.1 Libraries

A library in Python is a piece of programming code that can be reused across different
programs. This means there is no need to write the same code repeatedly, making programming in
Python simpler and more practical. When we link a library to our program and run it, the linker
searches for the library on the system and extracts its functions. Some libraries are essential in the
field of machine learning.

The libraries used in this work are the following:

e Pandas is a powerful and easy-to-use tool for data analysis and management. It can import

various types of data, such as CSV files and tables from SQL. It has been open source since

2009 (https://pandas.pydata.org/).

e NumPy is an open-source library that enables scientific calculations in Python. It provides
functions that work with tables, primarily using "arrays." Unlike lists, arrays are stored in
a contiguous sequence in computer memory, allowing programs to manipulate them more

quickly. It was created in 2005 (https:/numpy.org/doc/stable/index.html).

e Scikit-learn is a free machine learning library for Python. It includes classification,
regression, and clustering algorithms. It was developed to work with the two libraries

mentioned above. It was created in 2007 (https://scikit-learn.org/).

e Matplotlib was created in 2003 for making static, interactive, and live charts and graphs

(https://matplotlib.org/).

e Mealpy is the largest library of nature-inspired metaheuristic algorithms for optimization
problems. It has a simple structure, allowing researchers to access optimization algorithms

easily and quickly (https://pypi.org/project/mealpy/).
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e Mapclassify is a Python library for thematic map classification. It helps classify and
visualize spatial data by determining class numbers and mapping observations, supporting
various classification methods for effective data visualization.

(https://pypi.org/project/mapclassify/).

3.5 Optimization

3.5.1 General-purpose optimization

The concept of optimization is present in everyday life and is widely understood.
Optimization refers to any problem or process where improvements can be made. It can involve
simple decisions, such as choosing between a straight path or a turn in a route, or more complex
scenarios, such as determining the optimal conditions for machine operation (French 2018). More
generally, optimization underpins the decision-making process.

The function that should be maximized or minimized is called the objective function. Cost
minimization is a common optimization problem, so the methods used aim to minimize the
objective function. The function is expressed as:

minf(x), x = (X1, X3, X3, e, Xp)

where f is the objective function and x are the variables or parameters of the problem. For
maximization problems such as that of the work as it was chosen to maximize the measure of
overall accuracy (accuracy), the opposite or inverse value of the objective function is minimized
(Manolis, 2021). The variables (design variable) are the quantities that can be changed to change
the objective function, but without being able to take any value. The limits (upper and lower value)
within which they can take a certain value are called constraints. In machine learning, these are
the hyperparameters of algorithms. The variables are located in the so-called design space.

The design space is multidimensional, with one dimension for each variable and an
additional one for the objective function. The solution to the problem involves searching for the
point in the design space that corresponds to the maximum or minimum value of the objective
function while satisfying the constraints. If the design space is two or three-dimensional, indicating
one or two variables, it is often possible to construct a graph of the design space (French 2018).
3.5.2 Classification of optimization problems

Optimization problems are primarily classified into linear (linear programming, LP) and
non-linear (non-linear programming, NLP) categories. Linear programming methods are used to

solve problems where both the objective function and all constraints are linear functions of the
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variables. The term "programming" in this context does not refer to writing computer programs
but to the process of finding the optimal solution. If a problem can be efficiently expressed using
linear equations, these methods can determine the optimal solution. However, real-world problems
are often complex and cannot always be accurately represented by mathematical linear equations

The general linear programming problem can be formulated in its simplest form as finding

values x; = 0,x, = 0, ..., x, = 0 such that min, or max, is achieved (Dantzig and Thapa 2013).

c1x1 + x5 + -+ cpx,, = z(min)
a;x, + azx, + -+ apx, = by

Am1X1 + QpaXy + -+ QnXn = by

The most well-known linear programming method is the Simplex method, created in 1947
by George Dantzig. He addressed the problem of planning the allocation and distribution of
military resources, which is why the concept of "planning" is central to the method

Often, the assumption that the objective function and the variable functions are linear
cannot be applied. In such cases, the problem is addressed as a non-linear one. The general form
of a non-linear problem involves searching for x = (x; + x, + ... + x3) to maximize:

f(x) under the constraints g;(x) < b, ya i =1,2,..,m
andx =0

where, f(y) and gy given functions of the variables
There are many different non-linear programming problems, depending on the characteristics of
the functions of the variables, and thus a variety of algorithms are used. Some problems with
simple function forms can be solved easily, while others, even smaller ones, can be particularly
challenging (Hillier and Lieberman 2015)

Optimization problems can be classified in additional ways, as mentioned by (Fang and Wang
2021):

By Variables: Each variable can take a different number of values. Continuous variables can take
any real value, while binary variables can only take two values. Various types of variables result
in different optimization problems (e.g., continuous optimization, binary optimization).

By Objective Function: The objective function can be either a scalar or a vector, leading to

classifications of "single-objective optimization" and "multi-objective optimization" problems.
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Overview
This chapter presents the findings obtained from multicollinearity test and information gain
ratio, statistical evaluation method, the area under the Receiver Operating Characteristics
(AUROC), analysis of flood susceptibility using machine learning methods and evaluation and
comparison of models. Also, provides a detailed analysis of flood risk assessment in Nam Ngum

River Basin, Lao PDR

4.2 Selection and evaluation flood conditioning factors using multicollinearity test and
information gain ratio
In this study, we first identified correlations in the data using a multicollinearity test (Alin
2010). A high correlation between independent variables can lead to errors in machine learning
models and affect the accuracy of the final flood susceptibility map. We used the variance inflation
factor (VIF) and tolerance values to detect and eliminate multicollinearity. Factors indicating
multicollinearity (tolerance less than 0.10 and VIF greater than 10) (Arabameri et al. 2019; Baig
et al. 2022; Mehravar et al. 2023) were should be removed. The VIF is calculated using equation
(4.1) as

1

VIF;= —  (4.1)

where R? is the coefficient of determination obtained by regressing the factor i on all other
factors in the analysis (Miles 2014).

The Information Gain Ratio (IGR) (Ghorbanzadeh et al. 2019; Talukdar et al. 2020;
Towfiqul Islam et al. 2021) test, a widely used feature selection technique, evaluates the
significance of factors in flood events. A higher IGR value indicates a more decisive influence of
the factor on the target variable (Al-Abadi 2018; Bhattarai et al. 2024; Mangkhaseum et al. 2024;
Saber et al. 2023)

4.3 Evaluation metrics for flood susceptibility models

Generating a flood susceptibility map with a machine-learning algorithm involves a binary
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classification technique. In this approach, a chosen pixel from the study area is categorized as
either flood pixels (P) as 1 or non-flood (N) as (Duwal et al. 2023; Tehrany et al. 2015; Towfiqul
Islam et al. 2021). The selected machine-learning algorithm may not always yield accurate
predictions during the classification process. The model’s performance is assessed using
evaluation metrics, such as the area under the Receiver Operating Characteristics (AUROC)

(Equation 4.5), Kappa Score, and Accuracy.

p ~ TP + TN i
CCUraSY = TP ¥ TN + FP + FM (4.2)
Sensitivity = —— 4.3
ensumy—TP+FN (4.3)
Specificity = —— (4.4)
pecificity = FPITN .
Y TN
AUROC = ZTP +Eo— N (4.5)
(X —Y)?
MSE === (4.6)
n
no(x. —Y.)2
RMSE = j “1(7‘1 2 (4.7)

where n denotes the sum of the data points, and X; and Y; for the observed and predicted
values, respectively. In every situation, the smallest MAE, MSE, and RMSE value signifies greater
model fitness. Lower MAE, MSE, and RMSE values always indicate greater model fitness.

In flood susceptibility mapping, correctly classified flood pixels and non-flood pixels are
termed True Positives (TP) and True Negatives (TN). Conversely, inaccurately identified flood
pixels and non-flood pixels are labeled as False Positives (FP) and False Negatives (FN) (Chapi et
al. 2017; Costache et al. 2020; Duwal et al. 2023; Janizadeh et al. 2019; Mangkhaseum et al. 2024)
AUROC is a major evaluation criterion for classification model performance (Tien Bui et al. 2018).
It represents the degree or measure of separability (Davis and Goadrich 2006; Towfiqul Islam et
al. 2021). The AUROC is a tool for evaluating model performance, with the y-axis representing

the true positive rate (sensitivity) (Equation 4.3) and the x-axis representing the false positive rate
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(1 — specificity) (Equation 4.4) (Hanley 1989). It is a quantitative statistic to assess the model’s
performance; a value closer to 1 indicates superior model performance, and 0.5 represents an

inaccurate model.

4.4 Feature selection and influence of conditioning factors on flood
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Figure 16. Assessment of flood conditioning factors based on (a) Variance inflation factor, (b)
Tolerance, (c) Pearson correlation, and (d) Information gain ratio
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For the feature selection multicollinearity and Information gain ratio values are considered (Arora
et al. 2021; Bhattarai et al. 2024; Duwal et al. 2023). In this study, VIF and Tolerance were used
to evaluate multicollinearity. Likewise, Pearson’s correlation test results provide insight into the
correlation between flooding and conditioning factors. The high correlation among the factors
affects the prediction result in flood susceptibility mapping. The VIF values were <10, and
tolerance values were >0.1 for all the selected 11 factors, so no multicollinearity exists. For further
analysis, none of the conditioning factors were removed (Figures 16). The highest VIF was
obtained for slope (6.46), followed by TWI (3.11), elevation (2.62), and SPI (2.57). The tolerance
values were highest for Aspect (0.95), followed by curvature (0.90), DTR (0.87), Soil (0.83), and
Rainfall (0.81), and lowest values for Slope (0.15), TWI (0.32) and elevation (0.38). These results
indicated that slope and elevation are the critical factors in flooding, followed by TWI, SPI, LULC,
NDVI, DTR, Soil, Rainfall, Aspect, and Curvature. Based on IGR values, slope (0.49) and
elevation (0.49) are highly influencing factors in the NNRB compared to other factors. Likewise,
SPI (0.30), LULC (0.28), TWI (0.27), NDVI (0.14), and soil (0.12) demonstrated a slightly strong
influence on the flood prediction compared to rainfall (0.08), DTR (0.06), Aspect (0.04), and
Curvature (0.02) showed less influence on flood susceptibility. The Pearson correlation was
highest for slope (0.85), then elevation (0.73), TWI (0.67), and SPI (0.60) signifying that these
factors are more correlated to flooding in NNRB (Figure 16 (d)). Based on the values of VIF,
tolerance, Pearson Correlation, and IGR, it can be observed that the topographic factors like
elevation, slope SPI, and TWI followed by landcover factors like LULC and NDVI are influential
in flooding in NNRB compared to meteorological, geological, and location factors, such as rainfall,
DTR, soil, and aspect.

4.5 Flood susceptibility mapping

The results obtained from the four machine learning models are presented in Figures 17
and 8. The study revealed that for the LSTM model, 38% (6368 km?) of the area lies in a very
high flood susceptibility zone, followed by 15% (2561 km?) in highly susceptible, 13% (2219
km?) in medium, 14% (2399 km?) in less and 20% (3385 km?) in very less flood susceptible zone.
Similarly, SVM shows that 31% (5183 km?2) of the area lies under very high susceptibility area,
14% (2378) in high, 13% (2182 km?) in medium, 14% (2366 km?) in less, and 28% (4822 km?)
in very less flood susceptible area. The ANN model shows 27% (4582 km?2) in very high, 9%
(1634 km?) in high, 8% (1338 km?) medium, 12% (1981 km?) less, and 44% (7397 km?) in a
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very less susceptible area. Lastly, RF shows that 25% (4215 km?) lies in very high, 12% (2063
km2) in high, 18% (3022 km?) in medium, 28% (4729 km2) in less, and 17% (2902 km?) in very
less susceptible areas. The spatial patterns of flood susceptibility of the RF and ANN are similar.
For the downstream part of the basin, the very and high flood susceptibility patterns are similar for
RF, ANN, and SVM compared to LSTM. The pattern for the upstream part of the basin is similar
for SVM and RF, whereas ANN showed less area in the very high and high susceptible areas. In
contrast, LSTM showed more areas under the very high and high susceptibility zone (Figure 17).
Most of the vulnerable zones were in the lower portion of the basin (areas denoted as ‘very high’

in Figures 17 and 18).
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Figure 17. Flood susceptibility maps generated from machine learning models
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4.6 Evaluation of model and validation

The machine learning models in this study were developed and validated using training and
test datasets. Previous studies (Bera, Das, and Mazumder 2022; Bhattarai et al. 2024; Duwal et al.
2023; Fang et al. 2021; Y. Wang et al. 2020; Wubalem et al. 2021) have suggested AUROC for
model validation. The AUROC value indicates the performance of the model in detecting flood-
prone areas. A higher AUROC value suggests better model performance. Sensitivity measures how
accurately the model predicts positive instances, while specificity indicates the accuracy of
predicting negative instances. The results revealed that all the models performed with higher
precision with values >0.90. Based on AUROC, the RF performed the best (Figure 19), evidenced
by the train and test AUROC 1.00 and 0.993, respectively, followed by SVM (0.996 and 0.989),
ANN (0.991 and 0.977), and LSTM (0.97 and 0.983). F1-score, precision, recall, kappa, MSE, and
RMSE were employed for detailed evaluation accuracy. The F1-Score offers an equilibrium
between precision and recall, where a high F1-Score reflects effective identification of flood-prone
regions while minimizing false positives (Zhang et al. 2022). A high level of sensitivity ensures
that most flood-prone areas are correctly identified (Chapi et al. 2017). RF exhibits superior
performance for other parameters also; with the highest Sensitivity (0.969), Accuracy (0.957), F1
Score (0.962), and Recall (0.969), indicating its robustness in correctly classifying flood-prone
areas. In the case of accuracy, RF and SVM have the highest value (0.957) and Kappa scores (0.913
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and 0.914, respectively), suggesting a strong agreement between the predicted and observed
classifications. Specificity (True Negative Rate) is essential to avoid false alarms in non-flood-
prone areas (Pourghasemi et al. 2020). The SVM model stands out with the highest specificity
(0.962) and precision (0.969), highlighting its capability to correctly predict negative cases, i.e.
non-flood points, and the proportion of correct positive predictions, i.e. flood points. LSTM lags
in all metrics, with notably lower Accuracy (0.915) and higher MSE (0.292) and RMSE (0.085).
Overall, RF emerges as the most reliable model for this application, effectively balancing accuracy
and error metrics (Figures 19 and 20). However, it should be noted that all the models performed

well, and their results should be considered for flood susceptibility mapping.

Table 5 The optimum values of the tuning parameters of different models

Method Hyperparameter Optimum Value

RF 'bootstrap' True
'max_depth' 30
'max_features' 2
'min_samples_leaf’ 4
'min_samples_split' 10
'n_estimators' 200
'oob_score' True

SVM 'C' [0.1,1,100,1000]
'degree’ [1,2,3,4,5,6]
'kernel' ['rbf,'poly’,'sigmoid','linear']

ANN 'batch_size' [8, 32, 64]
'epochs’ [5,10]
'Optimizer_Trial' ['adam', 'rmsprop']
'Neurons_Trial' [10,15]
Hidden layer unit [1]

DNN 'batch_size' [64]
'epochs' [500]
'Optimizer Trial' ['rmsprop']
'Neurons_Trial' [64]
Hidden layer unit [3]
Activation ‘Sigmoid”
Function ‘relu’

LSTM 'batch_size' [10, 32, 64]
'epochs’ [10, 20]
'Optimizer_Trial' ['rmsprop']
'Neurons_Trial' [40]
Activation ‘Sigmoid”
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Figure 19. AUROC: For all models, (a) random forest, for artificial neural network, (c) long
short-term memory, and (d) support vector machine

The results revealed that all the models performed with higher precision with values >0.90.
Based on AUROC, the RF performed the best (evidenced by the train and test AUROC
1.00 and 0.993, respectively, followed by SVM (0.996 and 0.989), ANN (0.991 and 0.977),

and LSTM (0.97 and 0.983).
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Figure 20. Performance of the models: (a) confusion matrix, (b) precision and accuracy
assessment parameters, and (c) MSE and RMSE

e RF exhibits superior performance for other parameters with the highest Sensitivity (0.969),
Accuracy (0.957), F1 Score (0.962), and Recall (0.969), indicating its robustness in
correctly classifying flood-prone areas.

e SVM has the highest specificity (0.962), precision value (0.96), and Kappa scores (0.914),
respectively

e LSTM lags in all metrics, with notably lower Accuracy (0.915) and higher MSE (0.292)
and RMSE (0.085)
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Figure 23 Accuracy assessment data for flood area in 2018 and 2020

The sampling was random, with each point separated by a minimum distance of 100 meters.
A total of 1,500 random points were selected from flooded area data in ArcGIS for each year, and
their corresponding susceptibility values were taken from the flood susceptibility map shown
above in Figure 23. If a point lies in high or very high susceptibility areas, it is considered a true
location; otherwise, it is regarded as false. The accuracy assessment data for 2018 and 2020 is over
90%, indicating that the ground data and advanced machine learning achieved high accuracy in
identifying high and very high flood susceptibility zones in low-lying areas of the Nam Ngum
River Basin (NNRB), Lao PDR.
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CHAPTER S

FLOOD RISK ASSESSMENT ON LAND COVER, POPULATION, AND
CRITICAL FACILITIES IN NAM NGUM RIVER BASIN, LAO PDR

5.1 Overview

This chapter provides a comprehensive examination of flood risk

assessment on land cover,

Population, and Critical Facilities within the Nam Ngum River Basin, located in Lao People's

Democratic Republic PDR. The objectives and methodology employed deep learning in

conducting the flood risk assessment, detailing the data sources, modeling techniques, and analysis.

In addition, it will mention the effect of flooding on different LULC Classes and Populations in

NNRB, using eleven flood-influencing factors and three DL algorithms
5.2 Methodology

FLOOD SUSCEPTIBILITY MAP AND POSSIBLE EFFECTS
" AN LsTM

: ANN, DNN, and LSTM.

DEEP LEARNING MODELS

e 880
.

ANN w  LSTM

SPLIT AND SGALING

~ Train/Test Split
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‘Feature Scaling <

Scaled Troining data Scaled Test Data

K-folds Cross validation (Gridsearch CV)

Figure 24. Schematic diagram of the flood susceptibility mapping in Nam Ngum River Basin
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The study was initiated by collecting geospatial data from various sources, including
ALOS-PALSAR DEM for factors like slope, aspect, elevation, curvature, TWI, and SPI, as well
as rainfall data from ERAS and NDVI from Landsat 8 images. Land use/land cover (LULC) data
were obtained from Sentinel-2 images, and flood locations were identified using Sentinel-1 SAR
images, the Colorado Flood Observatory (https://floodobservatory.colorado.edu/), and the
Knowledge for Development portal(https://en.data.k4d.1a/).

The flood inventory map was generated using the flood location data prepared in google
earth engine https: //code.earthengine.google.com/). A total of 776 past flood locations were
selected, along with an equal number of non-flood locations, for model training and testing. Eleven
flood conditioning factors were selected based on existing literature, including elevation, slope,
aspect, curvature, Topographic Wetness Index (TWI), Stream Power Index (SPI), distance to river
(DTR), Normalized Difference Vegetation Index (NDVI), rainfall, lithology, and land use/land
cover (LULC). Deep learning methods, including Deep Neural Network (ANN), Artificial Neural
Network (ANN), and Long Short-Term Memory (LSTM), were employed for flood susceptibility
mapping. ANN models replicate the brain's interconnected neurons, processing sensory inputs
through layers of artificial nodes. Each connection between layers carries weighted information,
influencing the final output. Researchers value ANNs for their nonlinear modeling abilities and
adaptability to complex systems. LSTM is a type of recurrent neural network (RNN) designed to
handle the issue of vanishing gradients, enabling it to effectively capture long-term dependencies
in sequential data by selectively remembering or forgetting information over time. DNN is an
artificial neural network with multiple layers between the input and output layers. These networks
consist of an input layer, several hidden layers, and an output layer. Each layer comprises nodes
(neurons) that process and transform the input data. The 'deep' aspect refers to the network's depth,
1.e., the number of hidden layers, which enables it to model complex patterns and relationships in
data. Multicollinearity among the conditioning factors was assessed using the variance inflation
factor (VIF) and tolerance values. Factors with VIF values above 10 or tolerance values below
0.10 were considered multicollinearity issues and were not used for the analysis. Information gain
ratio (IGR) values were used for the feature selection and evaluate the impact of the conditioning
factor on the susceptibility modeling. Evaluation metrics such as area under the curve for Receiver
Operating Characteristics (AUROC), Kappa Score, Accuracy, Sensitivity, and Specificity were

used to assess the performance of the machine learning models. These metrics help determine the
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model’s ability to correctly classify flood and non-flood pixels and provide insights into its overall
performance. The validated model is then used to look at the scenario of effects on different land
use classes and the number of people vulnerable to flooding in NNRB using LULC data,
population density data for year 2020, Health and Educational Facilities data from
HUMANITARIAN DATA EXCHANGE v1.76.0 PY3 (https://data.humdata. org) is shown in (28).

5.3 Feature Selection and Evaluation
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Figure 25. Feature Selection and Evaluation using a) Variance Inflation Factors, Tolerance &
Pearson Correlation and b) information gain ratio

Information gain ratio (IGR) is one of the most popular techniques for assessing important
variables influencing flooding and enhancing the models’ performance and prediction accuracy
(Al-Abadi 2018; Saber et al. 2023). The information gain ratio analysis depicts significant insights
into flood conditioning factors in the Nam Ngum River Basin. Slope and elevation with an IGR
value of 0.49 emerged as highly influential, while SPI (0.30), LULC (0.28), TWI (0.27), NDVI
(0.14) and Soil (0.12) also exhibited notable impact on flood prediction. Factors like Rainfall
(0.08), DTR (0.06), and curvature (0.04), aspect (0.02) being the least influential factors (Figure
25). Similarly, multicollinearity tests show that slope has the highest VIF (6.462), followed by
TWI (3.11). Notably, no significant collinearity was observed among the selected flood
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conditioning factors. Moreover, Pearson’s correlation coefficients clarify the relationship between
flood occurrence and conditioning factors. Slope and elevation emerged as pivotal, followed by

TWI, SPI, Landcover, NDVI, DTR, Lithology, Rainfall, Aspect, and Curvature, respectively.

5.4 Evaluation of Model Parameters
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Figure 26. validation of prediction rate and success rate curves for (a) ANN, (b) DNN, and (c)
LSTM

Performance appraisal values for flood prediction were generated using the training dataset
to assess each of the three machine models. Area Under Curve for Receiver Operating
Characteristics (AUROC), a critical evaluation criterion in model performance, was utilized to
evaluate model performance. AUROC serves as a probability curve, where the AUROC value
indicates the degree of separability. AUROC values for the DNN model stood out, with the highest
value of 0.978, showing its excellent performance in predicting flood-prone areas. The ANN and
LSTM models were followed by AUROC of 0.976 and 0.963 (Figure 26). However, ANN shows
the best overall performance with the highest precision, recall, accuracy, F1-score, and Kappa. It
also has a slightly lower AUROC than DNN but is better. DNN performs very closely to ANN
with slight variations but has the highest AUROC, indicating its excellent ability to distinguish
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between classes. LSTM has the lowest performance among the three models, with lower true
positives and recall, which affects its overall accuracy and Kappa. However, it still maintains a
good AUROC. In summary, ANN is the most balanced and high-performing model, followed
closely by DNN. LSTM, while still effective, falls slightly behind in several key performance

metrics.

5.5 Flood Susceptibility Mapping

The results of the three deep learning models are presented in (Figure 27). The study
revealed that for the ANN model, 27% (4582 km?) of the area lies in a very high flood susceptibility
zone, followed by 9% (1634 km?) in highly susceptible, 8% (1338 km?) in medium, 12%
(1981km?) in less and 44% (7397 km?) in very less flood susceptible zones. Similarly, DNN shows
that 29% (4832 km?) of the area lies under very high susceptibility area, 19% (3189) in high, 11%
(1919 km?) in medium, 14% (2395 km?) in less, and 27% (4596 km?) in very less flood susceptible
areas. Lastly, LSTM shows that 38% (6369 km?) lies in very high, 15% (2561 km?) in high, 13%
(2219 km?) in medium, 14% (2399 km?) in less, and 20% (3385 km?) in very less susceptible areas.
It can be observed that the variations in parameter values and flood susceptible areas are less for
ANN and DNN compared to LSTM. In this scenario, it can be concluded that the results of ANN
and DNN are more reliable than those of LSTM. However, the result from LSTM should also be
considered for flood susceptibility mapping since the parameters are in the higher range. In this
scenario, it should be noted that 36% to 56% of the area of NNRB is highly susceptible to flood
(Figure 27). Overall, while there are variations in the identification of flood susceptibility areas
among the models, they are similar in the extent of high and Very High susceptibility areas,
highlighting the importance of flood management and mitigation efforts in NNRB. This alarming
condition depicts a need for serious concern in flood disaster prevention and management

strategies
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Figure 27 Flood susceptible area (in km?) comparison according to the models

5.6 Probable effect of flooding on different LULC Classes and Population

5.6.1 Effects on the population

The analysis of flood susceptibility in the population using three deep learning methods
(ANN, DNN, and LSTM) reveals significant variations in the number of people affected across
different susceptibility levels. For the ”Very High” susceptibility category, the DNN method
indicates the highest impact, with 631,065 individuals affected, followed by ANN with 562,108,
and LSTM with 476,851. In the "High” category, LSTM reports a notably high number of 226,378
affected individuals, compared to 84,604 for ANN and 37,253 for DNN. The “Medium”
susceptibility shows similar impacts for ANN (45,869) and LSTM (45,560), both higher than DNN
(26,375). The Less” susceptibility category affects 38,516 individuals for ANN, 34,111 for DNN,
and significantly fewer for LSTM (9,101). Finally, the ”Very Less” category sees DNN and ANN
affecting 30,519 and 28,867 individuals, respectively, while LSTM affects only 2,073. The increase
in the susceptibility and the increase in the number of people vulnerable to flood are in line (Figure
28). The analysis shows that the number of people susceptible to flooding ranges from around 6.5

million to 7 million, which is 85% to 93% of the total population
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Figure 28. Scenarios of the effect of flood susceptibility on Population and Land use / Land Cover

5.6.2 Effects on LULC

According to Figure (28), flooding has serious consequences to the anthropogenic activities
in NNRB. The very high and highly susceptible areas are the agriculture, paddy, orchards, and
built-up areas, clearly showing that flooding has a high probability of affecting the activities of
people there. There is a probability that 260 to 280 km? of built-up, 1050 to 1120 km? of
agriculture area, 1180 to 1300 km? of paddy, 130 to 140 km? of orchards, and 2700 to 2800 km?
of vegetation are highly susceptible to flooding (Figure 28). The majority of the vegetated area lies
in the very less and less susceptible areas. This result signifies the importance of vegetation for
flood control.

According to this study, in NNRB, the majority of the built-up areas or the highly populated
areas lie in the very high and high flood susceptible areas. The densely populated areas lying at
the downstream of NNRB with major settlements are highly vulnerable to flooding. Similarly, the

populated built-up area at the upstream side of NNRB are also vulnerable to flooding. For example,
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the Naxaithong, Xaythany, and Thaulakhom districts (Figure 29 a-1 & b-1), The area upstream of
the Nam Ngum Reservoir in Vangveing District (Figure 29a-2 & b-2), and the populated area in
the upstream area at Pek District (Figure 29a-3 & b-3).
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Figure 29. Flood Susceptibility to a. Land use/Land cover, and b. Population (a-1. & b-1.
Downstream of NNRB (Naxaithong, Xaythany and Thaulakhom area), a-2. & b-2. Vangvieng
Area, a-3 & b-3 Upstream of NNRB (Pek Area))

5.3 Effects on Critical Facilities: Health and Educational Facilities

For health facilities in (Figure 30), DNN, ANN, and LSTM predict 76, 68, and 60 facilities
lying in ”Very High” susceptible areas. Similarly, LSTM predicts 24, followed by ANN with 12,
and DNN with five facilities in highly susceptible areas. For educational facilities, DNN predicts
74, ANN predicts 67, and LSTM predicts 52, lying in very highly susceptible areas. In the highly
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susceptible areas, LSTM predicts the most affected facilities with 34, followed by ANN with 10,
and DNN with 2 in (Figure 30). This data highlights the critical areas that need attention for flood
risk management and mitigation, particularly in the Very High and High susceptibility categories,

where the numbers of affected health and educational facilities are significantly higher for all the

models.
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Figure 30. Possible Effects of Flood on the Health and Educational Facilities in NNRB
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CHAPTER 6

CONCLUSION AND RECOMMENDATION

6.1 Introduction

In general, this research used open-source remote-sensing data and machine learning
approaches to perform flood detection, modeling and optimization of conditioning factors. The
study areas were utilized in this research which is Nam Ngum River Basin (NNRB), Lao PDR.
Key concerns for governments and planners include ensuring safety and maintaining sustainable
management of a region. Achieving this objective requires thorough analysis to facilitate
appropriate actions during hazard events to minimize damage. This study introduces a relatively
precise and comprehensible flood prediction method for mapping flood-prone areas. Random
Forest, Support Vector Machine, Artificial Neural Networks, Deep Neural Networks and Long
Short-Term Memory were applied to test its efficiency in flood susceptibility mapping.

The most critical flood conditioning factors were identified through scientific analysis,
along with the detection of non-significant factors. The models developed and implemented in this
study can be adapted for use in different regions to identify flood-prone locations, aiding in the
mitigation of future flooding events. The analysis generated several figures and tables to facilitate
comprehension of the procedure and methodology. Validation affirmed the effectiveness and
reliability of the methods introduced. Additionally, this research highlighted the efficacy of open-
source remote sensing (RS) and geographic information systems (GIS) in hydrological studies.
Specifically, GIS and modeling methods can be employed to examine the potential impacts of land
use and land cover (LULC) changes on flood generation. Our study has identified critical factors
influencing flood occurrences in NNRB. This data is essential for developing precise flood
forecasting models, implementing advanced flood warning systems, and guiding infrastructure and
urban planning projects. According to the results, policymakers could concisely reconsider disaster
risk reduction and flood management strategies. Land-use planners could determine the settlement
zones, dams, and other structures in highly susceptible areas. Furthermore, the results could be

utilized to inform the residents about evacuation actions, flood prevention, and preparedness.

6.2 Summary
Flood susceptibility maps are crucial in floodplain management relating to disasters, and

integrating various models offers critical insights for flood risk management. This study used four
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machine-learning models (SVM, RF, ANN, DNN and LSTM) to predict flood susceptibility in
NNRB, an area annually affected by typhoons and heavy rainfall. The flooded areas were
delineated using Sentinel 1 SAR imagery in the GEE platform by applying the threshold for the
pre-and post-flood scenarios. The conditioning factors were quantified using the information gain
ratio (IGR), Pearson correlation coefficient, and multicollinearity test. The most influential factors
affecting floods were identified as topographic factors, particularly elevation, slope, and stream
power index, which are major drivers of flooding in NNRB. The models were trained and tested
using eleven flood conditioning variables and 390 locations. The RF model outperformed the
others, as evidenced by its superior AUROC precision, F1-score, accuracy, and kappa values.
Additional metrics, including MSE and RMSE, were employed for a comprehensive evaluation.
This indicates that 36% to 53% of NNRB, particularly in the downstream southern region, is highly
vulnerable to flooding. Despite constructing numerous reservoirs for hydropower and flood
protection, downstream areas continue to flood yearly (Kimmany, Ruangrassamee, and Visessri
2020) challenging flood management (Keophila, Promwungkwa, and Ngamsanroaj 2019;
Vilandone Keophila 2018). Effective floodplain management is needed to protect lives and
property. The study's results offer valuable insights for flood risk assessment and developing
effective flood control plans. As floods threaten infrastructure, agriculture, and the economy
worldwide, these machine-learning insights using remote sensing data can aid local authorities,
planners, policymakers, and stakeholders in disaster management and climate change mitigation
for sustainable development.
6.3 Limitations

This research can be improved further by considering the following recommendations:

e Although remote sensing (RS) and geographic information systems (GIS) hold significant
potential for flood studies, their use has been somewhat limited. One major issue is the
presence of cloud cover during flood events, which hinders the effectiveness of optical
sensors. Synthetic Aperture Radar (SAR) data, with its radar pulses that have greater
penetration power, can overcome the cloud cover problem.

e Additional challenges in utilizing remote sensing (RS) include limited availability of
images across different timeframes and locations, seasonal variations, technical limitations,
and insufficient temporal resolution. In terms of temporal resolution, radar images are

typically taken either before or after a flood event, often failing to capture the peak of the
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flooding event.

Further challenges in employing remote sensing (RS) and geographic information systems
(GIS) in flood studies include expensive digitization and data gathering, predictive method
complexities, inadequate spatial data availability, hardware limitations for managing
extensive datasets, and GIS constraints in handling historical data essential for certain
natural hazard assessments.

The type of underlying ground can influence the changes observed in SAR imagery of
flooded areas. Flooded barren land shows lower backscattering compared to adjacent non-
flooded regions because a smooth water surface provides specular reflection. Wind can
increase backscattering from flooded areas, thereby reducing the contrast between flooded
and non-flooded regions. Flooded forests create a robust radar response because of a

mechanism where the signal reflects twice between the water surface and the tree trunks.

6.4 Recommendation for Future Work

Even though flood susceptibility mapping has been trialed across different geographic
areas, further in-depth research is necessary to enhance and optimize the models. The
methods suggested in this study should be utilized in different regions to collect additional
data on their efficacy. Implementing these methods in different study areas will be valuable
for assessing their performance.

Incorporating additional datasets could enhance the effectiveness of the proposed change
detection method for identifying flood-prone areas

Developing an automatic flood detection technique is highly recommended due to the
limited time available for mapping flooding in an area. Real-time analysis is typically
necessary in hazard studies. Therefore, future research should focus on detecting flood
locations in real-time to expedite susceptibility analysis

Future research works can further explore a hybrid combining hydrodynamic-machine
learning-based modeling to predict flood susceptible area, velocity, and depth of flooding,
enabling more comprehensive modeling of flood vulnerability in Nam Ngum River Basin

(NNRB), Lao PDR
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