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Abstract: This study presents a comprehensive flood risk assessment framework that integrates 
physical hazard indicators with socio-economic vulnerability factors using the Analytical Hierarchy 
Process (AHP). Biophysical parameters such as elevation, slope, distance from rivers, rainfall, 
topographic wetness index (TWI), modified normalized difference water index (MNDWI), and 
normalized difference vegetation index (NDVI) were used to construct the Flood Hazard Zonation 
(FHZ), while demographic, land use/land cover (LULC), accessibility to essential services, and 
illiteracy rates informed the Flood Vulnerability Zonation (FVZ). AHP-derived weights ensured 
methodological rigor, with consistency ratio (CR) values of 0.0607 (FHZ) and 0.0329 (FVZ), both 
within acceptable limits (CR ≤ 0.1). The resultant Flood Risk Zonation (FRZ), derived from FHZ and 
FVZ integration, revealed significant spatial disparities: 8.30% of the area was classified as very low 
risk, 24.96% low, 31.00% moderate, 25.17% high, and 10.57% very high risk across a total area of 
94,229.96 km². FHZ alone identified 31.05% of the region as very high hazard, while FVZ showed 
33.04% of the area under moderate vulnerability. Urban zones exhibited elevated vulnerability due 
to population density and service dependency, whereas rural areas were more susceptible due to 
limited infrastructure and literacy. This multidimensional approach underscores the intricate 
interplay of environmental and human systems in shaping flood risks and offers a robust decision-
support tool for spatial planning and disaster preparedness. 
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1. Introduction 

Flooding affects more people worldwide than any other danger and makes up around one-third 
of all disasters, making it one of the most common and destructive natural disasters [1,2]. Flooding 
is one of the most common and destructive natural disasters, especially in developing nations caused 
by inadequate drainage systems, low infiltration capacity, poor maintenance, unplanned urban 
growth, and human interventions all of which are made worse by climate and land-use changes are 
the main causes of its disastrous effects [3-5]. Flood frequency and intensity have increased in recent 
decades due to rapid urbanization, population development, and climate change, resulting in 
considerable economic losses, fatalities, and social disruptions [6,7]. Over the last 20 years, floods 
have killed 6,500 people and cost $15 billion in damage on average, highlighting the critical need for 
strong urban design and risk mitigation techniques [8]. Effective flood risk management requires 
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integrating hazard assessments with vulnerability assessments, recognizing that flood risk is caused 
by the interaction of flood hazards, which are defined by overflowing potential and intensity, as well 
as the vulnerability of people and infrastructure to unfavorable impacts [9,10]. In order to minimize 
damages, guide sustainable city development, and improve resilience to future flooding occurrences, 
hazard maps and risk assessments must be developed with a comprehensive understanding of flood 
severity, frequency, and the underlying conditioning factors. 

India, which is frequently referred to as the "land of monsoons," is an ideal instance of how 
seasonal rains can be both advantageous and difficult [11]. Monsoons are important for the economy 
and agriculture, but they also carry a significant risk of flooding, which affects more than 32 million 
people each year [12]. Over 40 million hectares are designated as flood-prone, with areas such as the 
Brahmaputra and Ganga basins regularly experiencing devastating floods, evidenced by the 2018 
Kerala floods and the statewide inundations in 2021 [13]. Bihar, a northeastern state accompanied by 
multiple rivers, is particularly susceptible, with its northern regions next to Nepal and the Terai 
region facing considerable flood hazards [14]. Between 2001 and 2018, districts such as Muzaffarpur, 
Katihar, and Saharsa had 16 flood years, while West Champaran had 15, highlighting the region's 
ongoing threat. According to loss and damage data from Bihar's disaster management agency, 
northern regions continue to be more susceptible to flooding than southern areas [15,16]. 

Numerous global as well as local threats of flooding studies have extensively used multi-criteria 
decision-making (MCDM), linked with GIS to designate flood hazard, susceptibility, and risk zones. 
MCDM approaches including AHP, FAHP, TOPSIS, Weights of Evidence (WoE), Frequency Ratio 
(FR), Logistic Regression (LR), and Multi-Layer Perceptron (MLP) are well-known models that have 
demonstrated efficacy in a variety of flooding scenarios [17-25].These methodologies provide precise 
assessment of flood-prone areas by systematically organizing alternatives based on defined criteria, 
allowing for decision making based on data and comprehensive flood management strategies 
[26,27].Notably, approaches like AHP, developed by Saaty (1980), and its integrations with GIS have 
demonstrated remarkable useful in flood risk studies [28-32]. AHP-based frameworks have been 
effectively used for hazard zonation, vulnerability assessments, and risk mitigation in flood-prone 
areas like northeast and central India by supporting paired comparisons and determining reciprocal 
values [33]. Such tools enhance the precision and applicability of flood hazard, vulnerability risk 
assessment [34]. To address such concerns, innovative approaches are required, such as mapping 
Flood Risk Zonation (FRZ) by combining Flood Hazard Zonation (FHZ) and Vulnerability Zonation 
(FVZ). Advanced methods such as multi-criteria decision-making (MCDM), combined with remote 
sensing and GIS technologies, provide precise recommendations that are consistent with worldwide 
frameworks for decreasing economic losses and increasing community resilience. This integrated 
methodology enables informed decision-making for designed mitigation strategies, thereby 
increasing long-term sustainability. 

This study focuses on a comprehensive flood risk assessment system that incorporates hazard 
and vulnerability indicators to efficiently identify high-risk areas. The physical and ecological aspects 
of floods are measured by hazard indicators such elevation, slope, distance from rivers, rainfall, 
topographic wetness index (TWI), modified normalized difference water Index (MNDWI), and 
normalized difference vegetation index (NDVI).In addition to these, vulnerability indicators such as 
population, population density, land use/land cover (LULC), proximity to health institution, financial 
institution, roads, and railways, and illiteracy rates are used to assess the socioeconomic and 
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infrastructural conditions that influence communities' ability to cope with floods. These factors 
constitute an integrative framework for identifying high-risk locations and developing adapted flood 
mitigation techniques.  

2. Materials and Methods  

2.1. Study Area 

Bihar, located in eastern India between 24° 20′ 10″ to 27° 31′ 15″ N latitude and 83° 19′ 50″ to 88° 
17′ 40″ E longitude, is a landlocked state bordering Uttar Pradesh to the west, West Bengal to the east, 
Jharkhand to the south, and Nepal to the north (Figure 1). The state is divided into northern and 
southern plains by the Ganges River. The southern region is fed by rain-fed rivers like the Sone and 
Pun pun, while the northern region is dominated by Himalayan-origin rivers like the Gandak, Kosi 
and Bagmati, which carry heavy loads of sediment during monsoon seasons. Bihar's topography, 
combined with its large river systems, contribute to frequent and severe floods, which affects around 
68,800 square kilometres of flood-prone areas each year. Flood risk reduction efforts, such building 
embankments and other structural measures, have frequently been criticized for their negative 
ecological and socioeconomic effects, which include aggravating riverbeds, altering natural flow 
patterns, and making places beyond embankments more vulnerable. Flood vulnerability is further 
increased by the state's socioeconomic profile, which is characterized by high population density, low 
per capita income, low levels of urbanization, and notable differences in literacy and development 
indices with a population of approximately 103.8 million, 90% of whom live in rural areas, Bihar's 
socioeconomic and environmental issues call for integrated, sustainable approaches to improve 
resilience and handle frequent flooding [35]. 

 

Figure 1. Location map of India and Study area, Bihar. 

2.2. Data Collection and Preparation of Thematic Maps 

The purpose of this study was to systematically evaluate and identify variables for flood hazard 
(FH) and flood vulnerability (FV) using comprehensive methodology. In order to achieve this, several 
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thematic data layers were extracted from valid datasets and processed using the ESRI ArcGIS 10.8. 
Elevation, slope, drainage network and the Topographic Wetness Index (TWI) were derived from the 
USGS SRTM dataset, a digital elevation model with a 30-meter spatial resolution, to create multiple 
thematic layers. NDVI and MNDWI indices were calculated using radiometrically corrected satellite 
imagery from the USGS LANDSAT-8, while Copernicus Open Access Hub provide Sentinel-2 
imagery for Land Use/Land Cover (LULC) data. Rainfall data were obtained from the Climatic 
Research Unit (University of East Anglia) and Demographic as well as socioeconomic data, such as 
total population, illiteracy rate, and population density, were obtained from the 2011 Census of India 
and the Land Scan Global Population Database. Furthermore, spatial layers were created using 
OpenStreetMap data to indicate the proximity to health institution, roads, railways, and financial 
services. Table 1 summarizes and describes the variables used in the hazard and vulnerability 
zonation study. 

Table 1. Indicators for Hazard and Vulnerability Zonation. 

Indicators Description Year Resolution Source 

Elevation, Slope, 

TWI and Proximity 

to Drainage 

Derived from 

SRTM DEM 
2023 30 m United States of Geological Survey 

(USGS) 

https://earthexplorer.usgs.gov 
NDVI and MNDWI 

Landsat-8 

OLI/TIRS 
2023 30 m 

LULC Sentinel-2 2023 10 m 
Copernicus Open Access Hub 

https://scihub.copernicus.eu/ 

Rainfall 
High resolution 

grided Data 
2023 0.5° x 0.5° 

Climate research unit 

https://crudata.uea.ac.uk/cru/data/

hrg/ 

Population and 

Illiteracy rate 

Obtaining the 

district-level 

data from 

Census of India, 

2011 

2011 - 

Office of the Register General & 

Census Commissioner, India 

http://censusindia.gov.in/ 

Population Density 

Lands can 

Population Data 

Global 

2023 1 km 

Oak Ridge National Laboratory 

(ORNL) 

https://landscan.ornl.gov/ 

Proximity to health 

institution, financial 

institution, roads and 

railways. 

Obtained from 

OpenStreetMap 
2023 - 

OpenStreetMap Retrieved from: 

www.openstreetmap.org 

Topographic wetness Index is derived from SRTM DEM using the Equation 1 [36]: 

aTWI=Ln( )
tanB

                                   (1) 

where 𝑎 and 𝐵 represents the specific catchment area and slope of the region, respectively. 
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MNDWI and NDVI both are calculated from the satellite image using the following Equation 2 
and Equation 3 [37]: 

MirGreen
MirGreenMNDWI




                             (2) 

N IR -R E DN D V I=
N IR +R ED

                                (3) 

In Equation 2, the GREEN band reflects water bodies, while the MIR band helps distinguish 
water from land, as water absorbs MIR. While in Equation 3, the NIR band reflects healthy vegetation, 
while the RED band is absorbed by vegetation, helping to assess vegetation health. 

2.3. Integrating Thematic Layers for Flood Risk Zonation (FRZ) 

A GIS-based Multi-Criteria Decision Analysis (MCDA) approach has been utilized to delineate 
flood risk zones in Bihar. This methodology incorporates a variety of criteria, divided into two 
categories: flood hazard parameters and flood vulnerability indicators. To ensure a thorough 
assessment framework, seven factors have been identified for flood hazard analysis and eight 
indicators have been chosen to assess flood vulnerability. Together, these factors provide a 
comprehensive understanding of flood risks, allowing for more focused management and mitigation 
techniques. 

Flood hazard mapping is based on a thorough analysis of key parameters that determine an 
area's being susceptible to floods. Elevation is a significant factor, with lower-lying locations being 
more prone to flooding due to increased river discharge and waterlogging [38-40]. Similarly, Slope 
has a major effect, as flatter terrains lower water flow velocity, increasing surface persistence and the 
rate of infiltration, therefore raising flood risk [41-43]. Another important indicator is the distance 
from rivers, as areas closer to river channels, particularly those in active floodplain zones, are more 
susceptible to flooding during peak flow events [44,45]. Topographic wetness index (TWI) helps 
identify locations prone to waterlogging by assessing soil moisture and water accumulation as 
impacted by slope and upstream contributions [46]. Furthermore, the modified normalized difference 
water index (MNDWI) improves flood susceptibility assessments by accurately identifying water 
bodies and low-lying terrains [47,48]. Rainfall intensity is a crucial indicator, with higher precipitation 
levels corresponding to increased surface runoff and flood risk [49,50]. Ultimately, the normalized 
difference vegetation index (NDVI) acts as an indirect indicator of flood susceptibility, as areas with 
sparse vegetation or negative NDVI values have lower water absorption and are more susceptible to 
floods [51]. Together, these variables (Figure 2) provide a framework for comprehensive flood hazard 
mapping, contributing in the identification of high-risk zones and the implementation of effective 
mitigation methods. 

Flood vulnerability is strongly related to a variety of socioeconomic and infrastructural factors 
that enhance the effects of floods in vulnerable areas [52,53]. Population size is a vital factor since 
larger populations frequently pressure local resources and increase the chance of human exposure to 
flood threats [55-56]. Similarly, population density imposes more strain on land and infrastructure, 
making densely inhabited regions more vulnerable to disastrous flood damage due to overcrowding 
and restricted emergency alternatives [57-59]. Land Use and Land Cover (LULC) also play a crucial 
role because urbanization and land use changes shift the natural hydrological cycle, limiting 
infiltration capacity and increasing surface runoff [60,61]. Access to crucial services, such as medical 
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facilities and financial services, is equally important. Distances to hospitals and banks represent a 
community's readiness and resilience, with better proximity to these facilities allowing for more rapid 
response and recovery after floods [62]. Transportation infrastructure, is another important factor 
measured by distance to roads and railways, as inadequate or poorly maintained networks can 
hinder evacuation efforts and increase isolation in places that are vulnerable to flooding [63,64]. 
Illiteracy increases risk because education has a direct impact on awareness and adaptive capability; 
communities with greater literacy levels are more likely to implement preventive measures and 
respond successfully to flood threats [65,66]. Together, these indicators as shown in (Figure 3) provide 
a thorough understanding of flood vulnerability, emphasizing the importance of concentrated its 
efforts to reduce risks and strengthen resilience. 

2.4. Decision Making: Weighting and Ranking via Analytical Hierarchy Process (AHP) 

The Analytical Hierarchy Process (AHP), a Multi-Criteria Decision-Making (MCDM) method 
established by T. L. Saaty in the late 1970s, was originally utilized in the marketing sector [67-70]. 
Over time, it has grown to be one of the most popular techniques for assessing and ranking elements 
and categories over time, proving its usefulness in resolving challenging issues [71,72]. AHP is 
particularly valuable in flood hazard and vulnerability assessments due to its ability to address multi-
faceted decision-making scenarios [66]. In this study, AHP was used to integrate various conditioning 
factors for flood susceptibility mapping, with each thematic layer's weight determined by its 
influence. Pairwise comparison matrices (PCM) were employed to compare the relative weight of 
factors within a theme and across different thematic layers. These weights were calculated using 
Saaty’s scale (Saaty, 1980), which ranges from 1 to 9, based on expert opinions, field experience, and 
a comprehensive literature review. This knowledge-driven approach ensures that the weights 
assigned accurately represent the importance of each factor in determining flood hazard (FH) and 
vulnerability (FV). Despite the existence of alternative methods, AHP remains the preferred 
technique due to its consistency, efficiency, and cost-effectiveness. This study assigns weights to 15 
factors (7 for FH and 8 for FV) using AHP, a novel method for calculating the Pairwise Comparison 
Matrix and evaluating its consistency ratio. 

Table 2. Saaty scale of Importance. 

Value Importance Scale 

1 Equal importance 

2 Equal to moderate importance 

3 Moderate importance 

4 Moderate to strong importance 

5 Strong importance 

6 Strong to very strong importance 

7 Very strong importance 

8 Very to extremely strong importance 

9 Extreme importance 

1/1 to 1/9 Reciprocal values 
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Figure 2. Flood hazard indicators of the Bihar: (a) elevation, (b) slope, (c) Proximity to drainage (d) 
Topographical wetness index (TWI), (e) modified normalized difference water index (MNDWI), (f) 
normalized difference vegetation index (NDVI), (g) Rainfall. 
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Figure 3. Flood Vulnerability indicators of the Bihar: (a) population (in lakhs), (b) population density, 
(c) land use land cover (LULC), (d) proximity to health institution, (e) financial service proximity (f) 
proximity to roads (g) proximity to railways, (h) Illiteracy rate (%). 
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The Analytic Hierarchy Process (AHP) technique creates a square matrix A = (aij) is constructed 
and comparing n criteria, representing both flood hazard characteristics (FHP) and flood 
vulnerability parameters (FVP). Each element of the matrix aij meets the requirement specified in 
Equation 4. 

ijij a/a 1                                     (4) 

In the case of reciprocal matrix, aij follow the equality, i.e., 

aij = ୔౟

୔ౠ
 

where Pj denotes the preferences of the alternative i as stated in Equation 5. 

A=

⎝

⎜
⎜
⎜
⎛

P1

P1
⋯

P1

Pj
⋯

P1

Pn
⋯

Pi

P1
1 ⋯ 1 ⋯

Pi

Pn

P̈n

P1
⋯ ⋯

Pn

Pj
⋯

P̈n

Pn⎠

⎟
⎟
⎟
⎞

                                                       (5)   

In this study seven Pairwise Comparison Matrix (PCM) for hazard zonation and eight for 
vulnerability zonation as shown in SM (Supplementary material). Subsequently, the relative ratio 
scale was calculated from the matrix derived through pairwise comparisons to determine the weights 
or ratings. The procedure involved the following steps: 

Steps 1: Compute the sum up all the variable in the j column of matrix A using Equation 6. 

P1

Pj
+⋯+

P1

PJ
+⋯+

Pn

Pn
=

∑ Pi
n
i=1

Pj
 (6) 

Step 2: Normalized Value are computed using Equation 7. 

Pi

Pj

∑ Pi
n
i=1

Pj

=
P1

Pj

×
Pj

∑ Pi
n
i=1

=
Pi

∑ Pi
n
i=1

  (7) 

Step 3: Weight or rating (wi) is calculated as the average of the elements using Equation 8. 

Wi= ቆ
Pi

∑ Pi
n
i=1

+⋯+
Pi

∑ Pi
n
i=1

ቇ ×
1
n

  (8) 

2.5. Consistency Ratio 

Assessing the consistency of judgments is fundamental to ensure the reliability and validity of 
the experts' decisions in the pairwise comparison process for each conditioning factor [18, 66]. The 
Consistency Ratio (CR) of the MCDM AHP model was determined by applying the Equation 9 and 
Equation 10 as outlined by Saaty (1988). 

CR=
CI
RI

 (9) 
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Where CR represents the Consistency Ratio, CI denotes the Consistency Index, and RI is the 
Random Index, which is a constant value discussed in Saaty's work (1980b). The CI value was 
calculated using Equation 10 as follows: 

CI=
λmax

n-1
 (10) 

Here, n represents the number of components and λmax refers to the principal eigenvalue of the 
matrix, which was computed using Equation 11. 

lmax= ෍ ቆWi×
Pi

∑ Pi
n
i=1

ቇ

n

i=1

 (11) 

Table 3. Random consistency index (RI). 

n 1 2 3 4 5 6 7 8 9 10 11 12 

R 0 0 0.58 0.9 1.12 1.24 1.32 1.41 1.45 1.49 1.51 1.48 

If the CR value is ≤ 0.1, then the AHP results are considered acceptable. However, if the CR value 
exceeds 0.1, the results are deemed inconsistent, and the assessment method must be revised. The 
computed CR for flood susceptibility and vulnerability have been illustrated in Table 4, respectively. 

Table 4. Consistency ratio for both Flood hazard zonation (FHZ) and Flood Vulnerability zonation. 

 Lambda max N          CI         CR 

Flood Hazard Zonation 7.480727206 7 0.080121201 0.060698 

Flood Vulnerability Zonation 8.325369327 8 0.046481332 0.032965 

2.6. Mapping of Flood Hazard, Vulnerability and Flood Risk Zonation 

The Flood Hazard (FH) and Flood Vulnerability (FV) parameters were weighted using the AHP 
methodology, taking into account the relative severity of each parameter. These weights were then 
applied in the cartographic representation on the ArcGIS platform, where the Spatial Analyst tool 
was used in conjunction with the weighted overlay technique. The Flood Hazard Zone (FHZ) and 
Flood Vulnerability Zone (FVZ) were calculated using Equation 12 and Equation 13, respectively. 

h
i

n

i

h
i pwFHZ  1

 (12) 

Here, FHZ represent FH zonation, W୧
୦ determine hazard indicators weights, P୧

୦ stand for the 
rank of hazard indicators. 

v
i

i

v
i pwFVZ 



n

1
 (13) 

Here, FVZ represent FV zonation, W୧
୴ determine vulnerability parameters’ weights, P୧

୴ stands 
for the rank of vulnerability indicators. 

The main goal of this study is to create a flood risk zonation (FRZ) model. This objective was 
accomplished by combining the flood hazard zonation (FHZ) and flood vulnerability zonation (FVZ) 
maps through multiplication, as described in Equation 14. 
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FVZFHZFRZ   (14) 

3. Results 

3.1. Flood Hazard Layers 

The flood hazard analysis utilized elevation as a key parameter, classified into five categories: 
very low, low, moderate, high, and very high. The parameters of elevation, slope, proximity to 
drainage, topographic wetness index (TWI), modified normalized difference water index (MNDWI), 
Rainfall (mm) and Normalized Difference Vegetation Index (NDVI) play a critical role in determining 
flood hazard zonation as shown in Table 5 and Figure 4. Higher elevations (377-876 meters) are less 
vulnerable to flooding because they are elevated above flood-prone zones, whereas lower elevations 
(0-70 meters) are more vulnerable because they are closer to water sources and are more likely to be 
flooded. Flood risk is also influenced by slope; regions with very low slope (25.21° to 74.75°) are more 
likely to have more water accumulation and slower drainage, which raises the risk of flooding. On 
the other hand, regions with steeper slopes (0° to 1.76°) typically have faster drainage, which can 
lower the danger of flooding. Potential of flooding dangers is significantly influenced by the 
proximity to drainage networks. During periods of heavy rainfall, areas with a very high proximity 
to drainage is 39.88% are especially susceptible to flash floods and riverbank erosion. These areas 
frequently act as natural drainage channels, increasing runoff volume and velocity to the point where 
local hydrological systems are overloaded. On the other hand, because there aren't enough natural 
water outlets in places that are farther away from drainage systems where low proximity, covers only 
0.80% of area, localized flooding may occur, particularly in impermeable or poorly managed 
environments. 

The topographic wetness index (TWI) measures the potential for water accumulation, with high 
TWI areas range between 12.57 to 28.51, having an area of 12.94% indicating places at high risk of 
waterlogging and flooding. These areas are frequently low-lying and poorly drained, making them 
susceptible to extended flooding following heavy rains. Low TWI locations range from 2.11 to 7.91, 
as shown in Table 5 which cover area only 42.23% as shown in Table 5 are normally better drained, 
although flash floods can still occur if rainfall intensity exceeds infiltration capacity. The MNDWI 
helps detect water-rich areas and their sensitivity to hydrological risks. Wetlands, rivers, and other 
bodies of water that are naturally prone to flooding, particularly during peak discharge periods, are 
found in very high MNDWI zones especially 0.36 to 0.82 range, accounting for 1.34% of the total area. 
Meanwhile, moderate MNDWI zones lies between -0.18 to 0.0032, 37.49% of an area as shown in 
Table 5 are transitional locations where soil moisture levels can rise dramatically during heavy 
precipitation, raising the danger of surface runoff and localized floods. These places require careful 
management to strike a balance between environmental advantages and hazard mitigation. 

Rainfall intensity and distribution play a critical impact in hazard susceptibility. Regions with 
extremely high rainfall 2014.8-2639.1 mm covering an area 2173.71 sq. km are especially vulnerable 
to flooding as shown in Table 5 and landslides, as heavy precipitation can saturate soils, impair 
cohesiveness, and enhance flow. Moderate rainfall zones 1158.8-1377.6 mm, having an area 13460.48 
sq. km may face recurrent flooding, particularly in poorly drained or densely populated areas. Proper 
stormwater management is critical in these areas to reduce hazard hazards. Vegetation cover, as 
indicated by the normalized difference vegetation index, plays a crucial role in stabilizing soils and 
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reducing runoff. Areas with very high vegetation cover NDVI range 0.26–0.459, accounting for 
14274.87 sq. km are less prone to erosion and flooding due to their ability to absorb rainfall and reduce 
surface runoff. In contrast, regions with low NDVI range -0.144–0.0737, covering 2.47% as shown in 
Table 5 are highly vulnerable to flooding and erosion due to sparse vegetation, which reduces the 
landscape's ability to buffer against extreme weather events (Table 5). Effective land management 
strategies, including afforestation and soil conservation, are necessary to mitigate these risks. These 
parameters collectively underscore the multifaceted nature of hazard susceptibility, emphasizing the 
need for integrated, location-specific approaches to risk assessment and management (Figure 4 (a)). 

3.2. Flood Vulnerability Layers 

Vulnerability assessment reveals how socio-economic, infrastructural, and demographic factors 
intersect to shape regional susceptibility to adverse outcomes during crises. Population distribution 
plays a pivotal role in vulnerability dynamics. Areas with very high population ranges 44.87–58.38 
lakhs, covering 11.08% of the region are primarily urban zones, where dense populations increase 
dependency on infrastructure, heightening susceptibility to service disruptions and overburdened 
systems during emergencies. Conversely, areas with very low population counts ranges 6.36–13.68 
lakhs, 5449.599 sq. km often lack access to critical resources, further isolating them and making 
emergency response challenging. Low population density areas (80.28%) may struggle with resource 
mobilization due to sparse infrastructure, while very high-density zones (0.16%) face unique 
challenges due to overcrowding and limited evacuation options. The distribution of land use and 
land cover (LULC) further elucidates vulnerability patterns. Urbanized built-up areas (16.31%) are 
highly vulnerable due to concentrated populations and critical infrastructure that can be easily 
overwhelmed during disasters. Croplands, which dominate the landscape (67.89%), indicate 
significant dependency on agriculture, rendering these regions particularly susceptible to 
environmental stresses that threaten livelihoods and food security. Water bodies (3.13%) introduce 
additional risks of flooding and waterborne diseases, especially in regions with underdeveloped 
infrastructure. Unused lands (1.18%) might seem low-risk but often lack basic amenities and 
accessibility, increasing vulnerability in emergencies. 

Proximity to essential services such as healthcare and financial institutions underscore the 
disparities in access that drive vulnerability. A significant portion of the area (35.13%) has very low 
proximity to health services, primarily in rural regions where limited medical infrastructure delays 
emergency care. Financial service proximity follows a similar trend, with 29.87% of the area 
categorized as very low. This limited financial inclusion impacts recovery and resilience-building, 
leaving marginalized communities more vulnerable to prolonged adverse effects. Accessibility 
through transport networks also contributes to vulnerability. With 78.37% of the area having very 
low road proximity, these regions face significant barriers to evacuation and the timely delivery of 
relief services. Similarly, low railway connectivity (39.25%) highlights the isolation of many 
communities, further compounding their vulnerability during emergencies. Finally, the illiteracy rate 
amplifies vulnerability, particularly in areas with high illiteracy levels (0.42–0.49, accounting for 47.56% 
of the area). Education plays a critical role in disaster preparedness, risk awareness, and adaptive 
capacity. Communities in high-illiteracy zones are less likely to engage in effective risk reduction 
measures and often lack access to information crucial for resilience-building. Collectively, these 
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factors demonstrate the intricate interplay between socio-economic conditions and infrastructural 
inequities that shape the vulnerability landscape (Figure 4 (b)). 

Table 5. Selected indicator for Flood Hazard Zonation (FHZ). 

Parameter Weight (%) Reclass Categories Range 
Area (Sq. 

km) 
Area (%) 

Elevation 0.33 

5 very high 0 - 70 1197.198 1.270507 

4 high 70 - 126 2980.721 3.163242 

3 moderate 126 - 228 7194.501 7.635047 

2 low 228 - 377 24867.78 26.39053 

1 Very low 377 - 876 57989.75 61.54067 

Slope 0.26 

5 very high 0 - 1.759 348.7793 0.370136 

4 high 1.759 - 5.277 968.3105 1.027604 

3 moderate 5.277 - 12.899 2919.935 3.098734 

2 low 12.899 - 25.211 38240.39 40.58199 

1 Very low 25.211 - 74.754 51752.54 54.92154 

Proximity to drainage 0.16 

5 very high 0 37576.81 39.87777 

4 high 0 - 0.0315 46477.39 49.32337 

3 moderate 0.0315 - 0.0604 7316.757 7.764789 

2 low 0.0604 - 0.0960 2103.34 2.232135 

1 very low 0.0960 - 0.1712 755.6687 0.801941 

Topographic wetness 

Index (TWI) 
0.11 

1 very low 2.11 - 7.91 39791.9 42.22851 

2 low 7.91 - 10.08 21133.85 22.42796 

3 moderate 10.08 - 12.57 21106.48 22.39891 

4 high 12.57 - 15.98 10125.92 10.74596 

5 very high 15.98 - 28.51 2071.799 2.198662 

Modified Normalized 

Difference Water Index 

(MNDWI) 

0.07 

1 very low -0.5307 - -0.2822 12524.84 13.29178 

2 low -0.2822 - -0.1766 43017.53 45.65165 

3 moderate -0.1766 - 0.0032 35327.99 37.49125 

4 high 0.0032 - 0.3573 2100.058 2.228652 

5 very high 0.3573 - 0.8172 1259.537 1.336663 

Rainfall (mm) 0.04 

1 very low 997.9 - 1,158.8 44657.68 47.39223 

2 low 1,158.8 - 1,377.6 25674.68 27.24684 

3 moderate 1,158.8 - 1,377.6 13460.48 14.28472 

4 high 1,654.4 - 2,014.8 8263.393 8.769391 

5 very high 2,014.8 - 2,639.1 2173.717 2.306821 

Normalized Difference 

Vegetation Index 

(NDVI) 

0.03 

5 very high 0.260 - 0.459 14274.87 15.14898 

4 high 0.208 - 0.260 29762.41 31.58487 

3 moderate 0.161 - 0.208 30885.34 32.77656 

2 low 0.0737 - 0.161 16982.73 18.02264 

1 very low -0.144 - 0.0737 2324.604 2.466948 



Simran Bharti, Gautam Kumar, et al. / Journal of Risk Analysis and Crisis Response, 2025, 15(2), 291-314  

DOI: https://doi.org/10.54560/jracr.v15i2.596                                                          304 

Table 6. Selected indicator for Flood Vulnerability Zonation (FVZ). 

Parameter Weight Reclass Categories Range 
Area (Sq. 

km) 
Area (%) 

Population (in 

lakhs) 

 

0.26 

1 very low 6.36 - 13.68 5449.599 5.783298 

2 low 13.68 - 22.29 22943.67 24.34859 

3 moderate 22.29 - 34.95 33885.9 35.96086 

4 High 34.95 - 44.87 21509.07 22.82615 

5 very high 44.87 - 58.38 10441.71 11.0811 

Population 

density 
0.26 

1 very low 0 - 1,267 75650.18 80.28252 

2 low 1,267 - 3,816 14191.92 15.06094 

3 moderate 3,816 - 9,286 3316.51 3.519592 

4 high 9,286 - 22,739 924.3691 0.980972 

5 very high 22,739 - 54,699 146.9797 0.15598 

Land use Land 

cover 

(LULC) 

0.17 

1 very low Water 2952.718 3.133523 

2 low unused land 1112.871 1.181016 

3 moderate vegetation 10827.01 11.48999 

4 high cropland 63968.27 67.88528 

5 very high built up 15369.09 16.31019 

Proximity to 

Health 

Institution 

0.12 

1 very low 0 - 0.06 33106.9 35.13415 

2 low 0.06 - 0.10 34395.53 36.50169 

3 moderate 0.10 - 0.167 20568.64 21.82813 

4 high 0.167 - 0.29 5136.452 5.450976 

5 very high 0.29 - 0.52 1022.44 1.085047 

Financial 

Services 

proximity 

0.08 

1 very low 0 - 0.15 28144.95 29.86837 

2 low 0.15 - 0.27 29716.8 31.53647 

3 moderate 0.27 - 0.41 22833.54 24.23172 

4 high 0.41 - 0.61 9719.427 10.31458 

5 very high 0.61 - 0.98 3815.243 4.048864 

Proximity to road 0.05 

1 very low 0 73847.31 78.36925 

2 low 0 - 0.019 14532.14 15.422 

3 moderate 0.019 - 0.043 4277.62 4.539554 

4 high 0.043 - 0.086 1261.29 1.338524 

5 very high 0.086 - 0.162 311.596 0.330676 

Proximity to 

Railway 
0.04 

1 very low 0 - 0.05 36987.43 39.2523 

2 low 0.05 - 0.10 29163.68 30.94948 

3 moderate 0.10 - 0.18 17979.68 19.08064 

4 high 0.18 - 0.29 7978.315 8.466856 

5 very high 0.29 - 0.55 2120.852 2.250719 

Illiteracy rate (%) 0.03 

1 very low 0.27 - 0.31 21508.86 22.82593 

2 low 0.31 - 0.38 8305.497 8.814072 

3 moderate 0.38 - 0.42 19602.19 20.80251 

4 high 0.42 - 0.45 29598.15 31.41056 

5 very high 0.45 - 0.49 15215.25 16.14693 



Simran Bharti, Gautam Kumar, et al. / Journal of Risk Analysis and Crisis Response, 2025, 15(2), 291-314  

DOI: https://doi.org/10.54560/jracr.v15i2.596                                                          305 

3.3. Flood Risk Zonation 

Flood risk zonation (FRZ) is an integrated approach that combines hazard and vulnerability 
parameters, weighted according to their respective influence, to classify regions into five distinct 
flood risk categories: very low, low, moderate, high, and very high (Figure 4 (c)). Prior to the 
execution of the FRZ model, consistency ratios (CR) for each thematic layer and its sub-classes were 
calculated, demonstrating an acceptable level of consistency with CR values below 0.10, ensuring the 
reliability of the parameter classifications. After reclassifying the flood hazard and vulnerability 
layers and assigning appropriate weights, these layers were integrated into the ArcGIS10.8 platform 
using the weighted overlay method to generate the final flood risk zonation map for the study area. 
The final map was categorized into the five risk classes based on pixel values, with natural breaks 
classification techniques methods applied to distribute the flood risk zones. The high-risk zones, 
covering 9958.18 km², include districts such as Pashchim Champaran, Purbi Champaran, Samastipur, 
Patna, Madhubani, Sitamarhi, Muzaffarpur, Saran, and Darbhanga, which are prone to frequent and 
severe flooding, particularly during the monsoon, due to their proximity to the Gandak, Kosi, and 
Ganges rivers (Table 7). In contrast, the moderate-risk areas, spanning 29213.27 km², include districts 
like Supaul, Gopalganj, Gaya, Nalanda, Rohtas, Siwan, Begusarai, Khagaria, Vaishali, and Bhagalpur. 
These regions experience occasional flooding from river overflow and seasonal rainfall, impacting 
local agriculture, infrastructure, and communities, though they are less frequently inundated than 
the high-risk areas. Through the integration of hazard and vulnerability layers, this approach 
provided a thorough flood risk assessment, allowing for a detailed identification of flood-prone zones 
within the study area. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. (a) Flood Hazard Zonation; (b) Flood Vulnerability Zonation; (c) Flood Risk Zonation mapping. 
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Table 7. Area of flood hazard, vulnerability, and risk zonation of Bihar State, India. 

Category 

FHZ FVZ FRZ 

Range 
Area 

(Sq km) 

Area 

(%) 
Range 

Area 

(Sq km) 

Area 

(%) 
Range 

Area 

(Sq km) 

Area 

(%) 

Very 

Low 

1 - 2.6 3277.48 3.48 1.03 - 

1.97 

8522.04 9.04 1.92 - 

6.89 

7820.16 8.30 

Low 2.6 - 3.29 6823.79 7.24 1.97 - 

2.29 

24320.94 25.81 6.89 - 

8.65 

23516.43 24.96 

Moderat

e 

3.29 - 

3.76 

19860.39 21.08 2.29- 

2.58 

31129.68 33.04 8.65 - 

10.09 

29213.27 31.00 

High 3.76 - 

4.14 

35007.42 37.15 2.58- 

2.92 

21916.46 23.26 10.09 - 

11.73 

23721.92 25.17 

Very 

High 

4.14 - 5 29260.87 31.05 2.92 - 

4.12 

8340.82 8.85 11.73 - 

18.59 

9958.18 10.57 

Total 

Area 

- 94229.96 100 - 94229.96 100.00 - 94229.96 100.00 

4. Discussion 

This study employs the Analytical Hierarchy Process (AHP) to delineate flood hazard (FH), 
flood vulnerability (FV), and flood risk (FR) zones across Bihar State, India. By integrating multiple 
spatial and socio-environmental variables, AHP offers a structured and consistent decision-support 
framework that draws on expert opinion to assess and prioritize flood-related risks. Flood 
susceptibility in the region includes various factors such as topographic factors such as elevation and 
slope, hydrological elements like drainage density and river proximity, and terrain indices such as 
the Topographic Wetness Index (TWI). Flood vulnerability was further examined by incorporating 
demographic characteristics, land use and land cover (LULC), and accessibility to critical 
infrastructure, such as healthcare facilities. Previous studies by have established a clear relationship 
between flood vulnerability and proximity of settlements to riverbanks, indicating that populations 
residing closer to rivers are more susceptible to flood-related impacts [73-75]. 

In Bihar, the widespread lack of flood awareness and local understanding contributes to risky 
settlement patterns, where communities often establish homes and infrastructure within floodplains, 
thereby increasing their exposure to future flood hazards. The analysis of LULC patterns reveals that 
natural vegetation serves as a mitigating factor by reducing surface runoff velocity during floods. 
Conversely, areas with sparse vegetation particularly along riverbanks exhibit heightened flood 
susceptibility and erosion potential. As illustrated in Figure 2 (f), these vegetatively sparse zones are 
disproportionately at risk. Unregulated land use and rapid urban expansion, especially in the 
northwestern floodplain regions of Bihar, exacerbate vulnerability by increasing impermeable 
surfaces and decreasing natural water infiltration. This inverse relationship between land 
permeability and urbanization has been noted in other studies as well, reinforcing the argument that 
unplanned development significantly magnifies flood risk [76]. The findings align with prior research 
[77-82], which underscores vegetation loss as a major driver of increased flood vulnerability. 
Population density emerges as another critical determinant of vulnerability, particularly within high-
exposure floodplains. Empirical evidence points to a positive correlation between population density 
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and flood risk, where densely populated areas often house more infrastructure, impervious surfaces, 
and socially marginalized populations [83-85]. Urban areas with higher densities typically face 
greater challenges in water infiltration due to widespread concrete and asphalt surfaces [83]. 
Moreover, vulnerable groups—such as low-income or marginalized communities—tend to be 
concentrated in these areas, further compounding exposure. Figure 4 (b) visually depict this pattern, 
showing heightened vulnerability in densely populated zones located within Bihar’s floodplain. 
Nonetheless, strategic urban planning, flood-resilient infrastructure, early warning systems, and 
community engagement can play a pivotal role in reducing susceptibility, as supported by findings 
[76, 85]. At the core of this study lies the assessment of flood vulnerability, which, when integrated 
with hazard mapping, facilitates a comprehensive spatial flood risk analysis. Such an approach 
proves vital for identifying high, medium, and low-risk areas, thus enabling targeted interventions. 
Figure 4 (c) illustrates that more than half of Bihar's study region is highly vulnerable to flooding, 
largely due to unchecked LULC changes, deforestation, and the proliferation of substandard 
constructions within flood-prone zones. 

This study demonstrates the successful integration of the AHP methodology in flood risk 
modelling by incorporating multiple criteria and expert judgment, this method offers a 
comprehensive and spatially explicit understanding of flood susceptibility, vulnerability, and risk. 
The application of Geographic Information Systems (GIS) and Multi-Criteria Decision-Making 
(MCDM) techniques proves to be a powerful tool in flood risk assessment, providing actionable 
insights for effective land-use planning and flood mitigation strategies. These findings are especially 
pertinent for regions sharing similar topographic and climatic conditions. Importantly, the study’s 
results support the integration of vulnerability mapping into broader land use planning and disaster 
risk reduction strategies, aiding government and civil society efforts to achieve sustainable 
development and resilience against future flood events, especially in areas with limited data. 

5. Conclusion and Its Future Scope 

This research provides a comprehensive analysis of flood risk zones in Bihar by integrating flood 
hazard and vulnerability assessments through multiple indicators of exposure and susceptibility. The 
study identifies specific demographic groups such as women, children, the elderly, and individuals 
with disabilities as particularly vulnerable during flood events due to their limited mobility and 
increased presence in residential settings. Spatial patterns reveal that human-induced alterations to 
natural floodplains, especially for agricultural use, have significantly increased susceptibility in many 
regions. The encroachment into river basins has disrupted natural water flow, leading to heightened 
flood risks. As a result, the preservation of natural waterways, regulation of land use along flood-
prone areas, and prohibition of high-risk agricultural activities are essential. Community-focused 
preparedness initiatives, especially training for pre-, during-, and post-flood responses, are vital to 
reduce disaster impact. Additionally, the flood vulnerability map developed in this study serves as a 
valuable decision-support tool for local authorities and planners, enabling more effective resource 
allocation and land-use management. A primary limitation of this study is the reliance on outdated 
data, specifically the 2011 Census of India, which is the most recent comprehensive demographic 
dataset available. The absence of updated census information restricts the ability to accurately 
capture recent developments such as population growth, urban expansion, infrastructural changes, 
and shifts in socio-economic conditions. These factors are critical for an accurate and current flood 
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risk assessment. The temporal gap between the data and the current ground reality presents 
challenges in modelling the dynamic and evolving nature of flood vulnerability. Furthermore, 
emerging climate trends and environmental changes key contributors to flood behaviour cannot be 
adequately addressed using static, decade-old data. The unavailability of more recent datasets limits 
the capacity to make high-resolution, real-time predictions or to develop adaptive strategies that 
reflect the latest ground conditions. 

Advancements in data science and geospatial technologies present significant opportunities to 
enhance future flood risk assessments. The application of machine learning techniques such as 
Random Forest, Support Vector Machines, and Gradient Boosting can facilitate the classification and 
prediction of flood-prone areas based on diverse variables including elevation, land use, rainfall 
patterns, and socio-economic indicators. Deep learning models like Convolutional Neural Networks 
(CNNs) and Long Short-Term Memory (LSTM) networks offer powerful tools for analysing satellite 
imagery and time-series hydrological data to improve the accuracy of flood forecasting and early 
warning systems. Integrating these AI-driven approaches with real-time data from remote sensing, 
ground sensors, and IoT devices can support the development of dynamic flood monitoring 
platforms. These systems would allow stakeholders to visualize risk in real-time and take timely 
action. Future research should focus on incorporating such technologies alongside participatory 
planning, enabling both scientific precision and community empowerment in managing flood risks 
across Bihar. 
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Appendix A 

Table A1. Decision matrix of the flood Hazard indictors for the AHP model. 

Flood Hazard 

Indicator 

Elevation Slope Proximity to 

drainage 

TWI MNDWI Rainfall NDVI 

Elevation 1 2 3 4 5 6 7 

Slope 1/2 1 3 4 4 6 7 

Proximity to drainage 1/3 1/3 1 3 3 5 6 

TWI 1/4 1/4 1/3 1 3 4 5 

MNDWI 1/5 1/4 1/3 1/3 1 3 4 

Rainfall 1/6 1/6 1/5 1/4 1/3 1 2 

NDVI 1/7 1/7 1/6 1/5 1/2 0.5 1 
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Table A2. Decision matrix of the flood vulnerability indictors for the AHP model. 

Flood 

Vulnerabilit

y Indicators 

Populati

on (in 

lakhs) 

Populat

ion 

density 

LU

LC 

Proximity to 

health 

Institution 

Proximity to 

financial 

services 

Proxim

ity to 

road 

Proximit

y to 

railways 

Illitera

cy rate 

(%) 

Population 

(in lakhs) 
1 1 2 3 4 5 6 7 

Population 

density 
1 1 2 3 4 5 6 7 

LULC 1/2 1/2 1 2 3 4 5 6 

Proximity to 

health 

Institution 

1/3 1/3 1/2 1 2 3 4 5 

Proximity to 

financial 

services 

1/4 1/4 1/3 1/2 1 2 3 4 

Proximity to 

road 
1/5 1/5 1/4 1/3 1/2 1 2 3 

Proximity to 

railways 
1/6 1/6 1/5 1/4 1/3 1/2 1 2 

Illiteracy rate 

(%) 
1/7 1/7 1/6 1/5 1/4 1/3 1/2 1 
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