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Flood risk assessment requires an integrated evaluation of physical
flood hazards and socio-economic vulnerability, particularly in highly
flood-prone regions such as northern Bangladesh. This study presents
a GIS-based flood risk assessment framework integrating the Analytic
Hierarchy Process (AHP) and machine learning models for spatial
flood risk mapping in Kurigram District, Bangladesh. The novelty of
the study lies in combining environmental flood-hazard factors and
socio-economic vulnerability indicators within a hybrid GIS-AHP-ML
framework for comprehensive flood risk assessment. A Flood Hazard
Index (FHI) was developed using ten physical factors, while socio-
economic vulnerability was assessed through a Flood Vulnerability
Index (FVI). The AHP-derived weights produced acceptable
consistency ratios of 0.08 for FHI and 0.014 for FVI, confirming the
reliability of factor prioritization. The Flood Risk Index (FRI) was
generated by integrating FHI and FVI within a GIS environment and
classified into five risk categories. Results indicate that flood risk in
Kurigram District is influenced more strongly by socio-economic
vulnerability and limited adaptive capacity than by physical hazard
intensity alone. Among the applied machine learning models, Random
Forest achieved the highest predictive performance and identified
173.28 km? of Nageshwari Upazila as high-risk. Model validation using
Random Forest, Support Vector Machine, and Decision Tree produced
AUC values of 0.93, 0.91, and 0.86, respectively, compared to 0.82 for
the conventional AHP approach. The findings demonstrate that the
proposed hybrid GIS-AHP-ML framework significantly improves
flood risk prediction accuracy and provides a transferable, policy-
relevant tool for disaster risk reduction, land-use planning, and climate
resilience building in flood-prone regions.
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INTRODUCTION

Floods are among the most pervasive and destructive natural hazards globally, exerting
profound negative impacts on human lives, infrastructure, socio-economic development, and
environmental sustainability (Liu et al., 2025). Over recent decades, the intensity and frequency
of flood events have increased markedly, primarily due to climate change-induced alterations in
precipitation patterns, rising occurrences of extreme rainfall, and disruptions in regional
hydrological processes. These climatic drivers are further compounded by rapid population
growth, unplanned urbanization, deforestation, and intensified pressure on land and water
resources, collectively amplifying flood risk across diverse geographic settings (Ehteram et al.,
2022; Lai et al,, 2022; Polong et al., 2023; Abu El Magd et al., 2020).

Bangladesh is widely recognized as one of the most flood-prone countries in the world due
to its unique geographic and hydrological setting within the low-lying deltaic floodplains of the
Ganges-Brahmaputra-Meghna (GBM) river system (Mirza, 2022). The country experiences
recurrent flooding driven by intense monsoon rainfall, large upstream river discharge, low
elevation, and limited drainage capacity. Both seasonal riverine floods and sudden flash floods
occur almost every year, leading to severe socio-economic disruptions. Floods in Bangladesh
routinely cause extensive damage to agricultural land, housing, transportation infrastructure,
and public utilities, while also displacing millions of people and exacerbating poverty, food
insecurity, and livelihood vulnerability (Haque & Zaman, 1993; Hoq et al., 2021). The magnitude
of recent events further illustrates this vulnerability; during the 2024 monsoon season, floods
affected more than 5.8 million people, damaged critical infrastructure, and resulted in estimated
economic losses of approximately USD 1.2 billion (Kabir Uddin et al., 2025). These recurring
impacts highlight the urgent need for spatially explicit, data-driven flood risk assessments to
enhance disaster risk reduction and resilience planning.

Among the flood-prone districts of Bangladesh, Kurigram —located in the northern
region —exhibits exceptionally high vulnerability due to its geomorphological and hydrological
characteristics. The district is traversed by several major rivers, including the Brahmaputra
(Jamuna), Teesta, and Dharla, and is characterized by low relief, extensive alluvial floodplains,
and a dense river network (Suman & Bhattacharya, 2015). These conditions facilitate frequent
overbank flooding, prolonged waterlogging, and severe riverbank erosion, which significantly
disrupt agricultural productivity and rural livelihoods (Shahriar, 2021). Recent spatial
assessments suggest that approximately 33.7% of Kurigram’s total area falls within very high
flood susceptibility zones, indicating a critical level of exposure compared to other districts in the
Rangpur Division (Haque et al., 2025). Consequently, Kurigram represents a highly relevant case
study for advancing flood risk assessment using integrated geospatial and analytical approaches.

Geographic Information Systems (GIS), when combined with Multi-Criteria Decision
Analysis (MCDA) techniques, have emerged as powerful tools for flood hazard and risk
mapping. Among MCDA methods, the Analytic Hierarchy Process (AHP) is one of the most
widely applied due to its conceptual simplicity, flexibility, and ability to incorporate expert
knowledge (Saaty, 1980; Hagos et al., 2022). GIS enables the integration, visualization, and spatial
analysis of diverse datasets, while AHP provides a structured framework for assigning relative
weights to multiple flood-conditioning factors. Numerous studies have successfully applied GIS-
AHP approaches to assess flood susceptibility using key physical variables such as elevation,
slope, drainage density, rainfall intensity, distance to rivers, land use/land cover (LULC), and
soil characteristics (Chen et al., 2021; Ming et al., 2022; Siam et al., 2022; Kader et al., 2024). These
approaches facilitate the generation of composite flood-hazard indices and the identification of
spatial patterns in flood-prone areas.

Despite their widespread use, conventional AHP-based flood assessment methods have
several limitations. Most notably, many studies focus predominantly on biophysical drivers of
flooding while inadequately incorporating socio-economic vulnerability, which critically
influences flood impacts and recovery capacity (Haque & Zaman, 1993). Additionally, AHP's
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reliance on expert judgment for weight assignment introduces subjectivity and may limit model
robustness and predictive reliability. To overcome these constraints, recent research has
increasingly integrated machine learning (ML) techniques within GIS-based flood assessment
frameworks. ML algorithms —including Random Forest (RF), Support Vector Machine (SVM),
Decision Tree (DT), Artificial Neural Networks (ANN), and Extreme Gradient Boosting
(XGBoost) —are capable of capturing complex, non-linear relationships between environmental
variables and historical flood occurrences, often outperforming traditional statistical models in
predictive accuracy (Seydi et al., 2023; Duy et al., 2024; Chowdhury et al., 2025; Adnan et al., 2023;
Ali et al., 2025).

The integration of ML with GIS and remote sensing data further enhances flood modelling
by enabling the inclusion of dynamic environmental indicators such as the Normalized
Difference Vegetation Index (NDVI), Modified Normalized Difference Water Index (MNDWI),
and Topographic Wetness Index (TWI) (Antzoulatos et al., 2022). These indices improve the
spatial resolution and temporal sensitivity of flood hazard mapping, thereby supporting more
reliable flood prediction and risk delineation (Costache et al., 2020). Model validation techniques
such as Receiver Operating Characteristic (ROC) curves and Area Under the Curve (AUC)
metrics are commonly employed to evaluate predictive performance, with higher AUC values
indicating stronger discriminatory capability between flooded and non-flooded areas (Fielding
& Bell, 1997; Chen et al., 2021).

In Bangladesh, several studies have applied GIS-AHP and ML-based approaches to flood
risk assessment at national and regional scales. Siam et al. (2022) integrated deep neural networks
with fuzzy AHP to develop a national-scale flood risk map, identifying approximately 20.45% of
Bangladesh as moderate to very high risk, although district-level socio-economic heterogeneity
was not explicitly addressed. Kader et al. (2024) employed a GIS-AHP framework using eight
physical factors and classified 16.03% of the country as very highly susceptible to flooding, but
omitted social vulnerability indicators. At the regional level, Rana et al. (2025) incorporated both
physical and selected socio-economic variables within a GIS-AHP framework for Rangpur
Division, achieving an ROC-AUC value of 0.83; however, machine learning models were not used
for comparative validation. Similarly, Islam et al. (2025) applied AHP-GIS methods in Sylhet
Division using multiple environmental parameters, but did not integrate ML techniques.
Standalone ML-based studies in northeastern Bangladesh have demonstrated high predictive
accuracy using ANN, RNN, RFGB, and CatBoost models, yet these analyses largely excluded
socio-economic vulnerability components (Rudra & Sarkar, 2023).

Therefore, the present study proposes an integrated GIS-AHP and machine-learning
framework to develop a comprehensive Flood Risk Index (FRI) for the Kurigram District,
Bangladesh. The framework combines a Flood Hazard Index (FHI), derived from ten
environmental variables—rainfall, distance to rivers, drainage density, elevation, slope, soil
texture, TWI, LULC, MNDWI, and NDVI—with a Flood Vulnerability Index (FVI) constructed
using five socio-economic indicators, namely population density, female population density,
distance to roads, distance to healthcare facilities, and literacy rate. By integrating hazard
intensity with socio-economic vulnerability, this study provides a multidimensional assessment
of flood risk that identifies highly vulnerable upazilas within Kurigram District. The findings are
expected to provide robust scientific support for disaster risk reduction planning, resource
prioritization, and resilience-building initiatives in one of Bangladesh’s most flood-affected
regions, while also offering a transferable methodological framework for flood-prone areas
worldwide.

METHODS

Study Area

Kurigram is a district in the Rangpur Division of northern Bangladesh, situated along the
country's border with India. It covers an area of 2245.04 sq km, located between 25°23' and 26°14'
north latitude and between 89°27' and 89°54' east longitude. The West Bengal state of India
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bounds it on the north and west, Gaibandha and Jamalpur districts on the south, Assam and
Meghalaya states of India on the east, as well as Rangpur and Lalmonirhat districts on the west
(BNP, 2018).The district consists of 9 upazilas, 72 unions, and 1,872 villages (BBS, 2022). Several
rivers flow through the centre of Kurigram. The major rivers are the Brahmaputra (now called
the Jamuna), Dharla, and Teesta. Minor rivers include the Dudhkumar, Phulkuar, Gangadhar,
Jinjiram, and others (ASB, 2003).
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Figure 1. Geographic Location of the Study Area: (a) Bangladesh and (b) Kurigram District

The average maximum temperature is around 32-33 degrees Celsius, and the average
minimum temperature is around 5-10 degrees Celsius. Like other parts of Bangladesh, the district
experiences heavy rainfall during the rainy season, with an average annual rainfall of about 3,000
millimetres (BNP, 2018). The population density was 1,037 people per km? Due to the lower
literacy rate (65.13%) than the national average (74.80%), agriculture is the main source of income
(BBS, 2022). Kurigram experiences annual flooding primarily due to its location along major
transboundary rivers such as the Brahmaputra, Teesta, Dharla, and Dudhkumar, combined with
heavy monsoon rainfall, low-lying topography, and limited flood management infrastructure, a
situation further exacerbated by climate change (Alam et al., 2022; Hossain et al., 2021; Rahman
et al., 2023). In 2024, the Brahmaputra River at Chilmari rose 78 cm above the danger level,
submerging new areas and affecting over 150,000 residents across 42 unions in eight upazilas
(The Daily Star, 2024). The floods disrupted daily life, with 37 government primary schools and
numerous secondary schools and madrassas suspending classes. At the same time, agricultural
lands were also inundated, highlighting the district's ongoing vulnerability and the need for
effective flood management (Dhaka Tribune, 2024). The geographic location and administrative
boundary of the study area are presented in Figure 1.
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Research Framework

The flood risk assessment of Kurigram District, Bangladesh, was conducted using a GIS-
based multi-criteria approach that integrated flood hazard factors and flood vulnerability factors.
This methodology allows for spatially explicit mapping of flood risk across the district,
supporting disaster management and planning. The methodological framework adopted for
flood risk assessment in this study is illustrated in Figure 2.

Flood Risk

Flood
Flood H. < ili
ood Hazard Vulnerability

7 5
; )

Thematic Layers Flood Inveptory
Classification Preparation
Y Y
Layers Flood Inventory
Reclassification (1) and Non-
flood Inventory
A
Weight \
Assignment Data Training
(70%) and
A Testing (30%)
Normalization of
the Weight
employing AHP
Machine Learning Models
v Selection: Random Forest,
Consistency Decision Tﬁ(;,j.ilﬁfort Vector
Ratio
| I !
A2 ¥ Flood Risk Index
Flood Hazard Flood
Vulnerability (ERD)

¢ ¢ A 4

Flood Risk Index
(FRI)

Y

Validation

AUC-ROC [«

Figure 2. Integrated Research Framework for Flood Risk Assessment in Kurigram District

Data Collection
In this study, various types of data from different sources were utilized to generate spatial

layers of different factors using geospatial tools. The study comprises two main factors: the Flood
Hazard factor and the Flood Vulnerability factor, to assess the Flood Risk Map of the area. Table
1 presents the type of data acquired, sources, date of acquisition, and the output layers used in
this study.
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Table 1. Data Types and Sources Used in the Study
Data Date Source Output

Elevation, Slope,

Digital Elevation Model USGS Earth Explorer (SRTM, 1-

(DEM) 23/09/2014 arc second) Dramagel\]zsgsﬁy, TWI
Land Use Land Cover 08/09,/2024 USGS Earth Explorer (Landsat LULC, MNDWI, NDVI
(LULCQ) 8-9 OLI/TIRS, 30 m resolution) Map
Soil 29,/06/2006 éﬁi;iﬁfﬁf;ﬁ;?ﬁifﬁ;;ﬁiﬁ; Soil Texture Map
Rainfall 2020 - 2024 CHRS Data Portal Rainfall Map
Local Government Engineering
Distance to River 15/08/2018 Department (LGDE), Distance to River Map
Bangladesh
Population Density, Population Density,
Female Density, 2022 BBS 2022 Female Density, Literacy
Literacy Rate Rate Map
Distance to Road 08/02/2025 OpenStreetMap Distance to Road Map
Distance to Hospital 12/01/2025 OpenStreetMap Distance to Hospital Map

Data Preparation

To obtain data on flood hazard factors such as elevation, slope, drainage density, and TWI,
the DEM file was analyzed using hydrological and spatial analyst tools downloaded from USGS
Earth Explorer. The DEM was first corrected with a fill operation to represent the elevation for
this study. Slope was calculated using the slope tool in ArcMap 10. 8. Drainage density was
created by applying flow direction and flow accumulation tools, and streamlines were generated
with the raster calculator. These streamlines were compared with the base map and reshaped
before calculating the drainage density for the study area. The TWI map was produced in ArcGIS
10. 8 using the equation proposed by Beven and Kirkby (1979), where catchment area (As) and
slope () were derived from DEM data and used in the formula TWI = In (As /tan P) to depict
the potential water accumulation across the region.

The land-use land-cover map for the study area was generated from Landsat 8-9 OLI/TIRS
satellite imagery at 30 m resolution in 2024. Supervised classification in ArcGIS 10.8 grouped land
cover into five classes. The Normalized Difference Vegetation Index (NDVI) and Modified
Normalized Difference Water Index (MNDWI) were calculated from Landsat imagery and
categorized into five classes. NDVI was computed as NDVI = (Band 5 — Band 4) / (Band 5 + Band
4), while MNDWI was calculated as MNDWI = (Band 3 — Band 6) / (Band 3 + Band 6). Rainfall
data, representing the peak rainy season (June- August), were used to assess rainfall, since most
floods occur during this period in Kurigram District, Bangladesh. Monthly average rainfall was
spatially interpolated using the Inverse Distance Weighting (IDW) method to create a rainfall
map.

The soil texture map was obtained from the Bangladesh Agricultural Research Council
(BARC). The distance to the river was generated using the Euclidean distance tool, and additional
data were collected from the Local Government Engineering Department (LGED), Bangladesh.
Five flood vulnerability factors- such as population density, female population density, literacy
rate, distance to road, and distance to hospital- were tabulated for the nine upazilas of Kurigram
district from the Bangladesh Bureau of Statistics and OpenStreetMap. Raster layers for each socio-
economic factor were generated and reclassified into five classes according to their relative
influence on flood vulnerability. Although the datasets used in this study were collected from
different years due to data availability constraints, they represent the most reliable regional-scale
information available for flood risk assessment in the study area. Finally, the weighted flood
hazard and flood vulnerability layers were integrated through raster overlay analysis to generate
the final Flood Risk Index (FRI) map (Hu et al., 2017; Luu & Von Meding, 2018).
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Weight Assignment Using Analytic Hierarchy Process (AHP)

Analytical Hierarchy Process (AHP) (Saaty, 1977) is one of the successfully implemented
multi-criterion decision methods (MCDM) for the assessment of probability, vulnerability, and
risk of natural hazards (Sinha et al., 2008). The AHP technique utilizes relative priorities assigned
to each criterion in achieving a specific objective. The main steps in the AHP modelling process
are the construction of the matrix for pairwise comparisons, the normalization of the table derived
from the matrix, the computation of the eigenvector, the calculation of the weighting coefficient,
and the determination of the consistency ratio. Firstly, class-wise ranking schemes and
corresponding weights were assigned for both the Flood Hazard Index (FHI) (Table 2) and the
Flood Vulnerability Index (FVI) (Table 5). Subsequently, pairwise comparison matrices were
constructed for the FHI (Table 3) and FVI (Table 6) factors based on their relative importance. The
indicator scores obtained from the pairwise matrices were then normalized to generate
normalized comparison tables (Tables 4 and 7). Finally, the average value of each row in the
normalized matrices was computed to derive the final weight for each factor.

Flood Hazard Index (FHI)
Table 2. AHP-Based Ranking and Weights of Flood Hazard Factors for FHI Mapping
Flood Hazard Factors Classification Range Weight Influence (%) Rank
121.28 - 127.34 1
127.34 - 133.41
Rainfall (mm) 133.41 - 139.48 0.266 26.6
139.48 - 145.55
145.55 - 151.62
0-1.45
1.45-2.90
Distance to River (km) 2.90 - 4.36 0.187 18.7
4.36 - 5.81
5.81-7.26
0-31.24
31.24 - 62.49
Drainage Density (km/sq.km) 62.49 - 93.73 0.136 13.6
93.73 - 124.98
124.98 - 156.23
0-21
21-26
Elevation (m) 26 - 30 0.099 9.9
30-33
33 -101
0-1.00
1.00 - 2.21
Slope (degree) 2.21 -4.02 0.074 7.4
4.02-7.03
7.03 - 51.26
Clayey Soils
Loamy Soils
Soil Texture Sandy Soils 0.057 5.7
Silt Loam Soils
Silty Clay Loam Soils
-8.40 - -.395
-3.95--2.19
TWI -219-0.24 0.046 4.6
0.24 - 3.68
3.68 - 13.01

Q- ORI QOFRPDNORDNDOO@ARFRDNWOWES OGO ONNRLRFPDNQEROORRWN
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Flood Hazard Factors Classification Range Weight Influence (%) Rank
Waterbody 4
Settlement
LULC Vegetation 0.041 4.1
Agricultural Land
Barren Land
-0.43 --0.15
-0.15--0.12
MNDWI -0.12 - -0.04 0.047 47
-0.04 - 0.07
0.07 - 0.18
-0.10 - 0.02
0.02-0.13
NDVI 0.13-0.21 0.047 4.7
0.21-0.27
0.27-04

RN Qs OO s ONNRPL,NWRRL O

Table 3. AHP-Based Pairwise Comparison Matrix of Flood Hazard Factors
Factors RF DTR DD EL SL ST TWI LULC MNDWI NDVI

RF 1 2 3 4 5 6 7 7 3 3
DTR 0.50 1 2 3 4 5 6 6 2 2
DD 033 0.50 1 2 3 4 5 5 2 2
EL 025 033 0.50 1 2 3 4 4 2 2
SL 020 025 033 050 1 2 3 3 2 2
ST 017 020 025 033 0.50 1 2 2 2 2
TWI 014 017 020 025 033 050 1 2 2 2
LULC 014 017 020 025 033 050 0.50 1 2 2
MNDWI 033 050 050 050 050 050 050 @ 0.50 1 1
NDVI 033 050 050 050 050 050 050 0.50 1 1
Total 339 562 848 1233 1716 23 295 31 19 19

Table 4. Normalized AHP Matrix and Derived Weights for Flood Hazard Factors

Factorsr RF DTR DD EL SL ST TWI LULC MNDWI NDVI W
RF 0.295 0.356 0.354 0.324 0.293 0.261 0.237 0.226 0.159 0.159  0.266
DTR 0147 0178 0236 0243 0.233 0.217 0.203 0.194 0.105 0.105 0.187
DD 0.097 0.089 0.117 0.162 0.175 0.174 0.169 0.162 0.105 0.105 0.136
EL 0.074 0.059 0.059 0.081 0.116 013 0.136 0.129 0.105 0.105  0.099
SL 0.059 0.045 0.039 0.041 0.058 0.087 0.102 0.097 0.105 0.105 0.074
ST 0.05 0.035 0.029 0.027 0.029 0.043 0.068 0.064 0.105 0.105 0.057
TWI 0.042 0.03 0.024 0.02 0.019 0.022 0.034 0.064 0.105 0.105 0.046
LULC 0.042 0.03 0.024 0.02 0.019 0.022 0.017 0.032 0.105 0.105 0.041
MNDWI 0.097 0.089 0.059 0.041 0.029 0.022 0.017 0.016 0.053 0.053  0.047
NDVI  0.097 0.089 0.059 0.041 0.029 0.022 0.017 0.016 0.053 0.053  0.047

Total 1 1 1 1 1 1 1 1 1 1 1
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Flood Vulnerability Index (FVI)
Table 5. AHP-Based Ranking and Weights of Flood Vulnerability Factors for FVI Mapping

Flood Vulnerability Factors Classification Range Weight Influence (%) Rank
585 - 706 1
. . 706 - 873 2
POP(‘;?I:/"S‘;E‘I’;‘)S‘W 873 - 1079 0.417 117 3
1079 - 1222 4
1222 - 1307 5
293 - 357 1
357 - 443 2
Female Density (Female Pop./Sq.km) 443 - 569 0.262 26.2 3
569 - 612 4
612 - 662 5
0-4.02 5
4.02 - 8.05 4
Distance to Road (km) 8.05 -12.08 0.161 16.1 3
12.08 - 16.10 2
16.10 - 20.13 1
0-12.85 5
12.85 - 25.71 4
Distance to Hospital (km) 25.71 - 38.57 0.098 9.8 3
38.57 - 51.42 2
51.42 - 64.28 1
60.52 - 61.36 5
61.36 - 63.04 4
Literacy Rate (%) 63.04 - 64.68 0.062 6.2 3
64.68 - 66.37 2
66.37 - 70.27 1
Table 6. AHP-Based Pairwise Comparison Matrix of Flood Vulnerability Factors
Factors PD FD DRD DTH LR
PD 1 2 3 4 5
FD 0.5 1 2 3 4
DRD 0.33 0.5 1 2 3
DTH 0.25 0.33 0.5 1 2
LR 0.2 0.25 0.33 0.5 1
Total 2.28 4.08 6.83 10.5 15
Table 7. Normalized AHP Matrix and Derived Weights for Flood Vulnerability Factors
Factors PD FD DRD DTH LR w
PD 0.438 0.49 0.439 0.381 0.333 0.417
FD 0.219 0.245 0.293 0.286 0.267 0.262
DRD 0.145 0.123 0.147 0.19 0.2 0.161
DTH 0.11 0.081 0.073 0.095 0.133 0.098
LR 0.088 0.061 0.048 0.048 0.067 0.062
Total 1 1 1 1 1 1

Where RF = Rainfall, DTR = Distance to River, DD = Drainage Density, EL = Elevation, SL =
Slope, ST = Soil Texture, TWI = Topographic Wetness Index, LULC = Land Use Land Cover,
MNDWI = Modified Normalized Difference Water Index, NDVI = Normalized Difference
Vegetation Index, PD =Population Density, FD = Female Density, DRD = Distance to Road, DTH
= Distance to Hospital, LR = Literacy Rate, W = Weight.

Consistency Ratio (CR) Check
The consistency ratio (CR) was calculated using the following equation to check the

inconsistency in assigning weights. The CR formula: CR = CI/RI, with CR = Consistency ratio,
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Cl = Consistency index, and RI = Random index. CI was calculated by the equation: CI =

lmax

= where Aqy is the largest eigenvalue and n is the number of indicators considered for the

study The AHP model will be acceptable if the CR is less than 0.1. Otherwise, the assigned
relative importance needs to be adjusted, and the CR value needs to be recomputed until
acceptable. A CR value of zero means the model has the perfect level of consistency.

Table 8. Consistency Statistics of Flood Hazard Index and Flood Vulnerability Index

Index Flood Hazard Flood Vulnerability
Number of factors (n) 10 5
Amax 11.073 5.063
CI 0.119 0.016
RI 1.49 1.12
CR 0.08 0.014
Consistency Acceptable Acceptable

FHI and FVI Mapping
Weighted hazard and vulnerability layers were combined to generate a vulnerability map
by using the following equation (Meraj et al., 2015):
Flood Hazard Index (FHI) Map:
Rainfall X 0.266 + Distance to River x 0.187 + Drainage Density X 0.136 + Elevation X 0.099

+ Slope X 0.074 + Soil Texture X 0.057 + TWI x 0.046 + LULC x 0.041
+ MNDWI x 0.047 + NDVI x 0.047.

Flood Vulnerability Index (FVI) Map:

Population Density X 0.417 + Female Density X 0.262 + Distance to Road X 0.161
+ Distance to Hospital x 0.098 + Literacy Rate X 0.062.

Generation of Flood Risk Index (FRI) Map

Flood risk was calculated using the formula (Masood & Takeuchi, 2012; Wisner et al., 2003):
Flood Risk Index (FRI) Map:

Flood Hazard Index (FHI) X Flood Vulnerability Index (FVI).

The flood risk index has been calculated by multiplying the hazard index by the vulnerability
index. So, flood risk depends on both factors. This means that flood risk will be high for any
region or society when the physical hazard is large, and the society of that region is highly
vulnerable to that hazard. If the physical hazard is large but society can handle it, the risk will be
lower. So, flood risk depends on the size of the flood hazard and the region or society's
vulnerability to flooding. The physical hazard and social vulnerability were multiplied using the
Raster Calculator tool in ArcGIS to produce the Flood Risk Index (FRI) map. The output FRI map
was then classified into five classes, namely very low risk, low risk, moderate risk, high risk, and
very high risk, using the natural break classification algorithm in ArcGIS.

Machine Learning Algorithms for FRI Mapping Study Area
Flood Inventory and Training Data

Flood inventory mapping is a fundamental requirement for supervised machine learning-
based flood risk assessment, as it provides the target variable necessary for model training and
validation. In this study, the flood inventory dataset was prepared using Sentinel-1 Synthetic
Aperture Radar (SAR) imagery, historical flood information, and ancillary satellite observations
corresponding to major flood events in 2020, 2022, and 2024. Flood-affected areas were identified
through visual interpretation and comparison between flood-affected and non-flooded
conditions. To maintain consistency with Landsat-derived environmental variables used in this
study, the final flood inventory dataset was prepared at a spatial resolution of 30 m. The flood
extents from the three flood events were integrated into a single composite flood inventory layer
representing the observed flood-prone areas within the study region. Areas affected during any
tflood event were classified as flood presence (1), while non-flood locations (0) were randomly
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selected from areas with no recorded flooding history. To reduce sampling bias, non-flood
samples were spatially distributed across different parts of the district and different land-cover
conditions. Potential uncertainties associated with SAR-based flood interpretation, including
smooth water surfaces, shadow effects, and mixed pixels, were minimized through visual
verification and comparison with historical flood information and ancillary satellite observations.
The final flood inventory dataset was randomly divided into training and testing subsets, where
70% of the samples were used for model training, and the remaining 30% were reserved for
independent validation. This inventory dataset served as the dependent variable for all
supervised machine learning models applied in the study.

Random Forest (RF) Algorithm

The Random Forest (RF) algorithm was applied in this study to classify flood-prone and
non-flood-prone areas using the prepared flood inventory dataset and fifteen flood-conditioning
factors. The model was implemented in the R programming environment using the
“randomForest” package (Breiman et al., 2001). The flood inventory dataset was randomly
divided into training (70%) and testing (30%) subsets to ensure independent model validation.
The RF model was developed using multiple decision trees generated through bootstrap
aggregation (bagging), which improves prediction stability and reduces overfitting. A total of 500
trees (ntree = 500) were used to achieve stable classification performance, while the number of
predictor variables randomly selected at each node split (mtry) was automatically optimized
during model training. The model incorporated all flood-conditioning variables, including
rainfall, distance to rivers, drainage density, elevation, slope, soil texture, TWI, LULC, MNDWI,
NDVI, population density, female population density, distance to roads, distance to healthcare
facilities, and literacy rate. The RF algorithm was selected because of its strong capability to model
complex nonlinear relationships between environmental variables and flood occurrence, while
also handling noisy and high-dimensional datasets effectively (Yariyan et al., 2020; Zanotti et al.,
2019). Variable importance analysis was additionally used to evaluate the relative contribution of
flood-conditioning factors to flood susceptibility prediction.

Decision Tree (DT) Algorithm

The Decision Tree (DT) algorithm was utilized to classify flood and non-flood areas based
on the prepared flood inventory dataset and selected flood-conditioning variables. The model
was implemented in the R environment using the “rpart” package. Similar to the RF model, the
inventory dataset was randomly divided into 70% training data and 30% testing data for model
development and independent validation. The DT model recursively partitions the predictor
variables into homogeneous groups using binary splitting rules to maximize class purity and
improve classification accuracy (Tsangaratos et al., 2016). To reduce model overfitting and
improve generalization capability, pruning techniques were applied during model optimization.
The model automatically determined the optimal tree depth and node splitting criteria during
training. All environmental and socio-economic flood-conditioning variables were incorporated
into the model to evaluate their combined influence on flood occurrence. The DT algorithm was
selected because of its interpretability, computational efficiency, and ability to identify
hierarchical relationships among flood-conditioning factors in spatial flood modelling studies
(Can et al., 2023).

Support Vector Machine (SVM) Algorithm

The Support Vector Machine (SVM) algorithm was applied to classify flood susceptibility
zones using the prepared flood inventory dataset and flood-conditioning factors. The model was
implemented in the R programming environment using the “e1071” package. Before model
training, all predictor variables were normalized to minimize scale-related bias and improve
classification performance. The flood inventory dataset was randomly divided into 70% training
data and 30% testing data to maintain consistency with the RF and DT models. In this study, the

JGSA | 169



Bhowmik et al. J. Geos. Sci. Anal. 2(2): 159-186 (2026)

radial basis function (RBF) kernel was adopted because of its effectiveness in modelling nonlinear
relationships between flood occurrence and environmental variables (Pham et al.,, 2019). The
kernel parameters, including the cost parameter (C) and gamma value, were automatically
optimized during model training to achieve improved predictive accuracy and generalization
performance. The SVM model incorporated all physical hazards and socio-economic
vulnerability variables used in the flood risk assessment framework. The SVM algorithm was
selected because of its strong classification capability in high-dimensional datasets and its
robustness in handling complex spatial relationships commonly observed in flood susceptibility
and flood risk modelling studies (Huang & Zhao, 2018).

Validation of the Map Using AUC-ROC

Evaluating the performance of predictive models is a critical step to assess their accuracy,
reliability, and practical utility. Validation results provide insights into the comparative
performance of different models, enabling informed selection of the most effective approach. A
widely used method for this purpose is the receiver operating characteristic (ROC) curve,
commonly applied in flood prediction studies (Khosravi et al., 2018; Termeh et al., 2018; Pham et
al, 2021). The ROC curve plots the false positive rate (FPR, or 1 minus specificity) on the x-axis
and the true positive rate (TPR, or sensitivity) on the y-axis. Specificity measures the proportion
of non-flooded areas correctly identified as non-flooded, while sensitivity indicates the
proportion of flooded areas correctly detected. Adjusting the classifier threshold produces
multiple TPR-FPR pairs, each corresponding to a point on the ROC plot. Connecting these points
forms a curve extending from (0,0) to (1,1). The area under the curve (AUC) provides a
quantitative summary of overall model performance, with higher AUC values reflecting greater
predictive accuracy, robustness, and reliability in flood risk assessment and mapping.

RESULTS

Spatial Distribution and Summary Statistics of Flood Hazard Index

The spatial distributions of the major flood hazard factors used in the Flood Hazard Index
(FHI) assessment are presented in Figure 3, while their class-wise distributions and proportional
area coverage are summarized in Table 9. Rainfall distribution indicates that low-to-moderate
rainfall classes dominate large portions of the district, with the 121.28-127.34 mm rainfall class
covering the largest proportion (26.79%) of the study area. In contrast, very high rainfall zones
remain comparatively localized. Areas situated close to major river systems, including the
Brahmaputra, Teesta, and Dharla rivers, exhibit comparatively higher flood susceptibility due to
increased overflow potential during monsoon periods, while the 5.81-7.26 km river distance class
occupies 36.99% of the district. Drainage density analysis reveals that low drainage concentration
zones dominate the study area, accounting for 34.22%, which may contribute to localized water
accumulation and prolonged inundation conditions. Similarly, moderate elevation floodplains
(26-30 m) occupy 36.69% of the district, reflecting the low-lying topographic characteristics of the
floodplain environment. Slope analysis further indicates that moderate-to-steep slope classes
dominate most parts of the district, accounting for 38.92% of the total area, which may influence
runoff concentration and flood flow dynamics across the region.

The spatial characteristics of the remaining flood hazard factors used in the Flood Hazard
Index (FHI) assessment are presented in Figure 4. At the same time, their class-wise distributions
and area coverage are summarized in Table 10. Soil texture analysis indicates that sandy and
clayey soils occupy substantial portions of the district, accounting for 23.29% and 26.79% of the
study area, respectively, reflecting spatial variations in infiltration and runoff generation
potential. TWI analysis shows that low wetness zones (-8.40 to —3.95) dominate much of the
district, covering 39.81% of the total area, whereas areas with very high moisture accumulation
remain comparatively limited and are mainly concentrated near riverine and low-lying
environments. LULC analysis reveals that barren land constitutes the dominant landscape
category (42.40%), followed by agricultural land (22.52%), reflecting extensive exposed and
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cultivated surfaces across the floodplain environment. MNDWI results indicate that moderate
surface water conditions are widespread across the district, while zones with very high surface
water presence are localized around major river channels and waterlogged regions. NDVI
analysis further demonstrates that low-to-moderate vegetation density classes dominate large
portions of the study area, indicating varying influences on infiltration and surface runoff

regulation.
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Table 9. Summary Statistics of Flood Hazard Factors in Kurigram District

Flood Hazard Factors Class Range
121.28-127.34
127.34-133.41

Rainfall (mm) 133.41-139.48
139.48-145.55
145.55-151.62

0-1.45
1.45-2.90
Distance to River (km) 2.90-4.36
4.36-5.81
5.81-7.26
0-31.24
31.24-62.49
Drainage Density (km/km?)  62.49-93.73
93.73-124.98
124.98-156.23
0-21
21-26
Elevation (m) 26-30
30-33
33-101
0-1.00
1.00-2.21
Slope (°) 2.21-4.02
4.02-7.03
7.03-51.26

Area Coverage (%)

26.79
17.30
23.29
17.74
14.88
4.24
11.02
18.15
29.60
36.99
34.22
19.89
23.80
15.02
7.07
6.72
18.35
36.69
27.61
10.63
0.82
5.75
18.32
38.92
36.19

Flood Implication
Low rainfall zone
Moderate rainfall zone
Moderately high rainfall zone
High rainfall zone
Very high rainfall zone
Very high flood exposure zone
High flood exposure zone
Moderate flood exposure zone
Relatively lower flood exposure
Low flood exposure zone
Low drainage concentration
Moderate drainage density
Relatively dense drainage
High drainage density
Very high drainage density
Very low-lying floodplain
Low elevation zone
Moderate elevation floodplain
Relatively elevated area
High elevation zone
Nearly flat terrain
Gentle slope
Moderate slope
Moderate-to-steep slope
Steep slope terrain
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Figure 3. Flood Hazard Index (FHI) Thematic Maps showing (a) Rainfall, (b) Distance to River, (c)

Drainage Density, (d) Elevation, and (e) Slope

Table 10. Summary Statistics of Flood Hazard Factors in Kurigram District

Flood Hazard Factors Class Range Area Coverage (%) Flood Implication
Clayey Soil 26.79 Low infiltration potential
Loamy Soil 17.30 Moderate infiltration zone
Soil Texture Sandy Soil 23.29 High infiltration capacity
Silt Loam Soil 17.74 Moderate runoff potential
Silty Clay Loam 14.88 High moisture retention
—-8.40 to —-3.95 39.81 Low moisture zone
Topographic Wetness -3.95to -2.19 31.61 Moderat.e moisture zone
Index (TWI) -219t00.24 17.05 Intergledlatg wetness zone
0.24 to 3.68 9.80 High moisture zone
3.68 to 13.01 1.73 Very high wetness zone
Waterbody 11.29 Surface water areas
Land Use Land Cover Settlemfznt 7.87 Built—u}) and urbanized
(LULQ) Yegetatlon 15.92 Vegetathn-covered areas
Agricultural Land 22.52 Cultivated areas
Barren Land 42.40 Sparsely vegetated land
—-0.43 to —-0.15 20.51 Low surface water presence
Modified Normalized -0.15 to -0.12 28.32 Moderate water presence
Difference Water Index -0.12 to —0.04 22.58 Moderate surface moisture
(MNDWI) —-0.04 to 0.07 13.91 High surface moisture zone
0.07 to 0.18 14.68 Very high surface water
-0.10 t0 0.02 22.16 Sparse vegetation cover
Normalized Difference 0.02to 0.13 23.02 Low vegetation density
Vegetation Index 0.13 to 0.21 19.61 Moderate vegetation
(NDVI) 0.21 to 0.27 21.56 Moderately high vegetation
0.27 to 0.45 13.65 Dense vegetation coverage
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Figure 4. Flood Hazard Index (FHI) Thematic Maps showing (a) Soil Texture, (b) TWI, (c) LULC, (d)
MNDWI, and (e) NDVI

Spatial Distribution and Summary Statistics of Flood Vulnerability Index

Flood vulnerability in Kurigram District is shaped by several socio-economic indicators,
including population density, female population density, accessibility to transportation and
healthcare facilities, and literacy conditions. The spatial distributions of these vulnerability
factors are illustrated in Figure 5, while their class-wise distributions and proportional area
coverage are summarized in Table 11. Population density analysis indicates that moderate-to-
high population concentration zones dominate substantial portions of the district, with the 873-
1079 persons/km? class covering 28.83% of the study area, increasing potential human exposure
during flood events. Similarly, female population density is relatively high across several areas,
where the 443-569 persons/km? class alone accounts for 35.95% of the district, reflecting spatial
variations in socially sensitive populations. Accessibility-related indicators further reveal that
large portions of the district are situated far from road networks and healthcare facilities, with
the 16.10-20.13 km road-distance class and the 51.42-64.28 km hospital-distance class covering
31.84% and 37.67% of the study area, respectively. These conditions may substantially limit
emergency response efficiency and post-disaster recovery capacity during severe flooding events.
Literacy rate distribution demonstrates moderate variations in educational attainment and
adaptive capacity across the district, with the 64.68-66.37% literacy class occupying the largest
proportion (28.71%) of the study area. Areas characterized by lower literacy levels may
experience comparatively reduced access to flood awareness information, preparedness
measures, and adaptive responses. Together, these socio-economic conditions contribute
significantly to the spatial variability of flood vulnerability throughout Kurigram District.
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Table 11. Summary Statistics of Flood Vulnerability Factors in Kurigram District

Hloce ¥:Cltr:) izahhty Class Range Area ((Zozx)rerage Flood Implication
585-706 13.07 Low population exposure
. . 706-873 20.16 Moderate population densit
Population Density 873-1079 28.83 Moderat};—t};-high density !
(persons/km?) 1079-1222 25.85 High population concentration
1222-1307 12.09 Very high population exposure
293-357 13.07 Low female population density
. 357-443 20.16 Moderate female population
Female Dens12ty 443-569 35.95 Dominant female I[)Joliy))lﬂa’cion
(persons/km?) 569-612 18.72 High female population density
612-662 12.10 Very high female population
0-4.02 10.05 High accessibility zone
4.02-8.05 12.82 Moderate accessibility
Distance to Road (km) 8.05-12.08 19.74 Intermediate accessibility
12.08-16.10 25.55 Relatively low accessibility
16.10-20.13 31.84 Poorly accessible areas
0-12.85 9.22 High healthcare accessibility
Distance to Hospital 12.85-25.71 15.51 Moderate healthcare access
(km) 25.71-38.57 16.44 Intermediate healthcare access
38.57-51.42 21.16 Limited healthcare accessibility
51.42-64.28 37.67 Poor healthcare accessibility
60.52-61.36 19.89 Low adaptive capacity
61.36-63.04 11.36 Relatively low literacy level
Literacy Rate (%) 63.04-64.68 20.23 Moderate literacy condition
64.68-66.37 28.71 Dominant literacy category
66.37-70.27 19.81 High literacy category
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Figure 5. Flood Vulnerability Index (FVI) Thematic Maps showing (a) Population Density, (b)
Female Density, (c) Distance to Road, (d) Distance to Hospital, and (e) Literacy Rate

FHI and FVI Mapping

The Flood Hazard Index (FHI) map (Figure 6a) illustrates the spatial distribution of flood
hazards across Kurigram District, revealing a balanced yet spatially heterogeneous pattern. The
index was derived based on ten physical hazard factors and validated through the Analytic
Hierarchy Process (AHP), which yielded an acceptable consistency ratio (CR = 0.08), confirming
the reliability of the weighting scheme (Saaty, 1988). Moderate (25.18%; 565.29 km?) and high
(25.55%; 573.60 km?) hazard zones predominate, collectively covering over half of the district,
reflecting the influence of low-lying floodplains, active fluvial systems, and seasonal monsoonal
rainfall. Very low and low hazard areas occupy 13.00% (291.85 km?) and 22.38% (502.43 km?) of
the district, respectively, while very high hazard zones remain spatially limited (13.89%; 311.83
km?), indicating localized but intense flood-prone environments. Among the upazilas,
Nageshwari exhibits the highest proportions of high (31.41%) and very high (37.42%) hazard
classes, followed by Bhurungamari (24.13% very high), highlighting strong exposure to riverine
processes. Kurigram Sadar presents a mixed hazard pattern due to both river proximity and
urban development, whereas Ulipur and Raomari are dominated by very low to low hazard
classes (>60%). Charrajibpur and Chilmari predominantly experience low-hazard conditions,
reflecting relatively stable geomorphology. These results demonstrate that flood hazard in
Kurigram District is strongly controlled by riverine morphology and spatial proximity to major
watercourses, producing concentrated high-hazard belts amid broader zones of moderate to low
hazard.
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Figure 6. (a) Flood Hazard Index (FHI) Map, (b) Flood Vulnerability Index (FVI) Map

The Flood Vulnerability Index (FVI) map (Figure 6b) demonstrates that flood vulnerability
in Kurigram is primarily driven by socio-economic sensitivity and adaptive capacity rather than
physical hazard alone. The index was validated through AHP with a consistency ratio of 0.014.
The FVI incorporates five socio-economic factors with robust weighting. Moderate vulnerability
is the most widespread, covering 30.06% (674.85 km?) of the district, followed by low (22.40%;
502.88 km?) and high (20.36%; 457.08 km?) vulnerability zones. Very low and very high
vulnerability areas account for 15.41% (345.95 km?) and 11.77% (264.24 km?), respectively,
reflecting a generally even distribution with localized extremes. Kurigram Sadar emerges as the
most critical hotspot, with 98.72% of its area classified as very high vulnerability, attributable to
dense population, high infrastructure exposure, and limited coping capacity. Elevated
vulnerability is also observed in Raomari (53.47%) and Rajarhat (37.70%), whereas Charrajibpur
and Chilmari exhibit predominantly very low vulnerability, indicating stronger resilience.
Moderate vulnerability dominates in Nageshwari (61.43%), while Ulipur remains largely low
vulnerable despite moderate hazard exposure. These patterns emphasize the critical role of socio-
economic resilience in shaping flood vulnerability.

Analysis of Flood Risk Index (FRI) Map

The AHP-based flood risk map (Figures 7a and 8) indicates a dominance of very low and
low risk zones in Charrajibpur and Chilmari, where very low risk accounts for 63.15% (196.88
km?) and 17.01% (53.14 km?) of the respective upazila areas. Ulipur is largely classified as low
risk under AHP, with 64.55% (307.05 km?) of its area falling into this category. Moderate flood
risk zones are mainly observed in Raomari (28.38%, 187.50 km?) and Ulipur (22.71%, 150.15 km?).
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High flood risk areas are concentrated in Nageshwari, occupying 38.62% (218.40 km?), while very
high flood risk is overwhelmingly dominant in Kurigram Sadar, accounting for 57.48% (132.21
km?) of the upazila area.

The RF-based model (Figures 7b and 8) produces a comparatively conservative delineation
of low-risk zones and a clearer identification of higher-risk classes. Very low flood risk remains
prominent in Charrajibpur (38.98%, 187.00 km?), whereas Ulipur shows a reduced low-risk extent
(49.35%, 24.13 km?) compared to AHP. Moderate risk zones are widespread in Nageshwari
(26.27%, 106.37 km?) and Raomari (26.68%, 112.83 km?). High flood risk is most pronounced in
Nageshwari, comprising 41.62% (173.28 km?), while very high flood risk is strongly concentrated
in Kurigram Sadar, where it reaches 61.70% (38.01 km?).
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Figure 7. Flood Risk Index Map based on (a) AHP, (b) RF, (c) DT, (d) SVM

The DT-based flood risk map (Figures 7c and 8) exhibits more aggressive spatial
segmentation and generally larger extents of high-risk areas. Very low flood risk is notable in
Ulipur (48.23%, 309.68 km?) and Charrajibpur (25.76%, 165.85 km?). Moderate flood risk expands
considerably in Kurigram Sadar, accounting for 17.90% (79.17 km?). High flood risk is most
extensive in Nageshwari, covering 50.17% (221.10 km?) of the upazila area. Very high flood risk
is again dominated by Kurigram Sadar, representing 45.48% (205.79 km?) of its total area.
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Figure 8. Class-wise Area Percentage Distributions of the Flood Risk Index (FRI) models

The SVM-based flood risk map (Figures 7d and 8) shows the sharpest spatial boundaries
and a more distinct delineation of extreme flood-risk zones. Very low flood risk is concentrated
in Charrajibpur (36.79%), 180.42 km?) and Ulipur (45.43%, 88.79 km?). Low-risk areas are primarily
observed in Ulipur (39.57%, 199.73 km?) and Raomari (25.95%, 129.28 km?). Moderate flood risk
zones are substantial in Nageshwari (29.29%, 119.28 km?), while high flood risk remains
dominant in the same upazila (38.38%, 154.16 km?). Very high flood risk is most pronounced in
Kurigram Sadar, where it accounts for 60.47% (207.03 km?), clearly identifying this upazila as the
principal flood hotspot under the SVM framework. The RF and SVM models provided a more
refined delineation of high-risk zones in Kurigram Sadar compared to the coarser output of the
AHP model, highlighting the superior capability of data-driven models in identifying spatially
refined flood-risk hotspots for disaster management and flood planning.

Validation Using AUC-ROC

The performance of the flood risk models was evaluated using Receiver Operating
Characteristic (ROC) curves (Figure 9), which show the balance between True Positive Rate (TPR)
and False Positive Rate (FPR). Among the models, Random Forest (RF) performed the best with
an Area Under the Curve (AUC) of 0.93, meaning it can very well distinguish between flood-
prone and safe areas. Support Vector Machine (SVM) came next with an AUC of 0.91, showing
strong predictive ability. Decision Tree (DT) had moderate performance (AUC = 0.86), and the
Analytical Hierarchy Process (AHP) model was the lowest (AUC = 0.82), but still reasonably
reliable. Overall, the ROC curves show that machine learning models like RF and SVM are better
than the traditional AHP method, correctly identifying more flood-prone areas while reducing
false alarms. These results support using RF and SVM for practical flood risk management.
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Figure 9. Comparison analysis of models' performance through ROC Curve and AUC Scores

DISCUSSION

This study presents an integrated flood risk assessment framework combining physical
flood hazard, socio-economic vulnerability, and machine learning-based validation to address
the complex nature of flood risk in Kurigram District, Bangladesh. The results demonstrate that
flood risk is not solely controlled by hydrological or geomorphological conditions, but also
strongly influenced by socio-economic sensitivity, consistent with contemporary disaster risk
theory (Wisner et al., 2023; UNDRR, 2020). Although several parts of Kurigram exhibit moderate
physical hazard, some upazilas experience high flood risk due to dense population, limited
infrastructure accessibility, and low adaptive capacity, reinforcing previous findings that social
vulnerability substantially amplifies flood impacts in Bangladesh (Haque & Zaman, 1993; Hoq et
al., 2021; Alam et al., 2022). Despite the use of multi-source datasets from different years, the
integrated datasets provide a reliable regional-scale representation of flood hazard and
vulnerability conditions within the study area.

The Flood Hazard Index (FHI) identified rainfall, distance to rivers, drainage density, and
elevation as the dominant drivers of flood occurrence, reflecting the strong influence of monsoon
rainfall and active fluvial processes within the Brahmaputra-Teesta river system. Low elevation
and dense drainage networks contribute to localized water accumulation and prolonged
inundation, which are characteristic features of deltaic floodplains (Mirza, 2022; Rana et al., 2024).
The inclusion of remote sensing-derived indices such as NDVI and MNDWTI further improved
hazard characterization by capturing vegetation and surface moisture dynamics (Costache et al.,
2020; Antzoulatos et al., 2022).

The Flood Vulnerability Index (FVI) revealed that demographic pressure, gender-sensitive
exposure, and limited accessibility to roads and healthcare facilities significantly increase flood
risk, even in areas with moderate hazard intensity (Shuaibu et al., 2022; Mokhtari et al., 2023). In
several locations, socio-economic vulnerability contributed more substantially to overall flood
risk than physical hazard intensity alone, highlighting the critical role of social sensitivity and
adaptive capacity in shaping flood risk patterns across Kurigram District. These findings indicate
that effective flood risk management requires interventions beyond structural flood control,
including improvements in social infrastructure, education, and accessibility.

JGSA | 179



Bhowmik et al. J. Geos. Sci. Anal. 2(2): 159-186 (2026)

A key contribution of this study lies in the comparative evaluation of AHP and machine
learning models for flood risk mapping. While the AHP-based approach provides a transparent
structure for integrating expert knowledge, its predictive performance (AUC = 0.82) was lower
than that of the machine learning models. Among the evaluated algorithms, Random Forest (RF)
achieved the highest predictive accuracy (AUC = 0.93), followed by Support Vector Machine
(AUC =0.91) and Decision Tree (AUC =0.86). The superior performance of RF is primarily related
to its ability to capture complex nonlinear relationships among flood-conditioning factors while
reducing overfitting through ensemble averaging (Breiman, 2001; Chen et al., 2021; Adnan et al.,
2023). These findings suggest that machine learning approaches are more effective in modelling
complex spatial interactions compared to conventional weighted overlay techniques.

From a policy perspective, the strong agreement between GIS-AHP-derived flood risk
patterns and ML-based validation confirms the robustness and practical applicability of the
proposed hybrid framework. The identification of high-risk hotspots such as Kurigram Sadar and
Nageshwari provides valuable insights for disaster risk reduction, land-use planning, and
resilience-building initiatives. Given its methodological flexibility and moderate data
requirements, the proposed framework offers a practical decision-support tool for improving
climate resilience and sustainable flood risk management in flood-prone and data-scarce regions.

CONCLUSION

This study developed an integrated GIS-based flood risk assessment framework by
combining multi-criteria decision analysis and machine learning techniques to effectively capture
the complex interactions between physical flood hazards and socio-economic vulnerability in
Kurigram District, Bangladesh. By constructing a Flood Hazard Index (FHI) using ten
environmental variables and a Flood Vulnerability Index (FVI) based on five key socio-economic
indicators, the study provides a comprehensive and multidimensional representation of flood
risk that extends beyond conventional hazard-focused approaches (Saaty, 1980; Hu et al., 2017;
Alam Chyon et al., 2023). The AHP-based weighting scheme demonstrated strong internal
consistency, reinforcing the robustness and reliability of factor prioritization in flood risk
modeling (Abu El-Magd et al., 2020; Mokhtari et al., 2023). The spatial distribution of flood risk
reveals that moderate to high-risk zones occupy a substantial portion of Kurigram District, with
risk patterns closely associated with population concentration, gender-sensitive exposure,
accessibility to critical infrastructure, and educational attainment. Importantly, several areas
characterized by only moderate physical hazard levels exhibit high overall flood risk due to
elevated socio-economic sensitivity and limited adaptive capacity. This finding underscores the
necessity of integrating vulnerability indicators into flood risk assessments and supports earlier
evidence that flood risk in Bangladesh is strongly shaped by social and infrastructural dimensions
rather than hydrological factors alone (Haque & Zaman, 1993; Hossain & Islam, 2021; Alam et al.,
2022; Shahriar, 2021). The incorporation of machine learning algorithms further strengthened the
assessment by validating the spatial reliability of the flood risk patterns. Among the applied
models, the Random Forest (RF) algorithm achieved the highest predictive performance with an
AUC value of 0.93, demonstrating superior capability in capturing nonlinear relationships among
flood-conditioning factors compared to the SVM, DT, and conventional AHP approaches
(Breiman, 2001; Costache et al., 2020; Chen et al., 2021; Adnan et al., 2023). The strong agreement
between GIS-AHP-derived flood risk outputs and ML-based validation confirms the
methodological robustness and practical applicability of the proposed hybrid framework.
Therefore, this study contributes a scientifically rigorous and policy-relevant flood risk
assessment approach that can support targeted disaster risk reduction, efficient resource
allocation, and resilient land-use planning in one of Bangladesh’s most flood-affected regions.
Given its flexibility and moderate data requirements, the proposed framework may also be
transferable to other flood-prone and data-scarce regions for supporting climate resilience and
sustainable flood management planning.
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Although this study provides a comprehensive flood risk assessment framework
integrating GIS, AHP, and machine learning techniques, several limitations should be
acknowledged. The analysis relied on multi-source datasets acquired from different years due to
data availability constraints, which may introduce minor uncertainties in the spatial
representation of flood risk. The flood inventory developed from Sentinel-1 SAR imagery may
also contain uncertainties associated with radar shadow effects, mixed pixels, and seasonal
variability. In addition, the AHP method involves expert judgment during weight assignment,
while several potentially important variables, such as river discharge, soil moisture, groundwater
conditions, and real-time rainfall intensity, could not be incorporated because of data limitations.

Future research should focus on integrating high-resolution topographic and hydrological
datasets, real-time flood monitoring information, and climate change scenarios to improve flood
prediction accuracy. The application of advanced deep learning approaches and the inclusion of
community-level socio-economic indicators and infrastructure resilience factors may further
enhance flood risk assessment and support more effective disaster management strategies.
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  C I   =     𝜆  m a x ​   −   n  n   −   1 ,  


    𝜆  m a x


  Rainfall × 0 . 266   +   Distance   to   River × 0 . 187   +   Drainage   Density × 0 . 136   +   Elevation × 0 . 099   +   Slope × 0 . 074 +   Soil   Texture × 0 . 057   +   TWI × 0 . 046   +   LULC × 0 . 041   +   MNDWI × 0 . 047   +   NDVI × 0 . 047 .


  Population   Density × 0 . 417   +   Female   Density × 0 . 262   +   Distance   to   Road × 0 . 161   +   Distance   to   Hospital × 0 . 098   +   Literacy   Rate × 0 . 062 .


  Flood   Hazard   Index   ( FHI ) ×   Flood   Vulnerability   Index   ( FVI ) .

