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Abstract. The Mayurakshi River Basin (MRB) is imperilled by flooding every year and is a major
flood-prone area of eastern India. The present study highlights the crucial factors triggering flood
inundation and identifies the flood-susceptible zones (FSZ) in the MRB using pertinent models and
a statistical-model-based supervised enhancement. The FSZs of the MRB were determined using Fuzzy

Analytical Hierarchy Process (FAHP), enhanced FAHP using Partial Least Square Regression-Variable Process,
Importance in Projection (PLS-VIP-FAHP) method and machine learning (ML) algorithms, Support Vector ROC c;;\r/\'/\;,

Machine (SVM) and Artificial Neural Network (ANN). The FAHP-, PLS-VIP-FAHP-, SVM- and ANN-based
FSZ outcomes were validated using the Receiver Operating Characteristics (ROC) curve with a 70:30
training—testing ratio. The SVM model registered the highest degree of accuracy, with 0.96, while
PLS-VIP-FAHP registered the lowest, with 0.89. Interestingly, the accuracy metric for FAHP surpassed
the same for ANN, with FAHP registering 0.93 and the latter registering 0.92. While testing with
a greater number of sample points, ANN registered an AUC of 0.90, and FAHP registered 0.89.
Application of ground knowledge in selecting response parameters could help mathematical models
to gain significant accuracy compared to the ML algorithm.

Fartial Least Squares

Introduction regarded as one of the most pernicious hydrologi-
cal and meteorological hazards, the occurrences of

floods have amplified pre-eminently in the last few

Floods occurring in numerous low-lying deltaic ar-
eas can be deemed as advantageous, specifically for
augmenting soil fertility on flood plains, but also as
a hazard for imperilling human life, destroying prop-
erty and sculpting the environment, whether induced
by natural events or anthropogenic stresses or both
(Ghosh and Kar 2018; Kaushik et al. 2025). Globally

decades (Ghosh and Maiti 2021; Misra et al. 2025).
Considering its negative consequences, flood sus-
ceptibility mapping has become inevitable to control
future flooding (Tehrany et al. 2015). Nevertheless,
flooding has multifaceted circumstances that reduce
the certainty of predictions, and this demands a proper
choice of factors that influence floods. Past studies
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have analysed the flood problems as well as the fre-
quency of occurrences concerning tropical India (Sen
2010), and flood occurrence has undoubtedly been
stated as a by-product of human—nature interactions
(Mukhopadhyay and Let 2014). The catastrophic out-
come — life loss and infrastructural damage — of the
Rarh Bengal rivers has been vividly depicted in the
study conducted by Chatterjee and Jana (2022). On
the Rarh plain, the riverine flood is a frequent natural
hazard that triggers persistent fluctuations in landscape
dynamics and societal alterations (Islam and Ghosh
2021). In this context, floods of the Mayurakshi River
Basin (MRB) are especially noted to severely affect
both the life and livelihood of the people (Islam and
Sarkar 2020). It is since the 1860s that the floods of the
MRB have been documented thoroughly. The reports
obtained from O’Malley (1914), the District Disaster
Management Plan (2016), and the Flood Preparedness
and Management Plan (2014) put forth the fact that
this region is a witness to severe flooding conditions.
Additionally, it is evident from the works of Ghosh and
Pal (2015) and Pal (2016) that the lower catchment of
MRB has transformed from high-magnitude, low-fre-
quency flood events to low-magnitude, high-frequency
flood events owing to the construction of major dams
and barrages (Islam and Sarkar 2020).

Since the behaviour of river flooding has changed
drastically, it becomes crucial to comprehend and mod-
el the probable spatial extent of floodplain inundation
(Jafarzadegan et al. 2023). However, modelling floods
is a multi-dimensional, dynamic task wherein a multi-
tude of factors are supposed to be taken into considera-
tion, but the identification of parameters plays a crucial
role as flood inundation is sensitive to these parameters
locally (Islam and Barman 2020; Swain et al. 2020).
Location-specific factors are primarily reckoned to
entail accuracy in flood predictions (Islam et al. 2021a).
The selection of these factors exceedingly depends on
the spatial scale and the geographical attribute of the
envisioned flood vulnerability investigation (Vojtek
and Vojtekova 2019). Additionally, the factors influ-
encing flood vulnerability also depend on the lack of
forecasting extreme precipitation and flooding events,
especially during the non-monsoon months in India
(Mishra et al. 2024). Choosing an inadequate number
of factors often increases the probability of receiving
faulty results (Mahmoud and Gan 2018).

The application of remote sensing and statistical
models has gained ground in solving such problems
(Das 2018; Mudashiru et al. 2021). ML algorithms are
highly effective and hold great potential in accurate and

efficient prediction modelling. The appropriate results
obtained from the hybrid Machine Learning algorithms
aid in predicting several natural hazard models (Islam
et al. 2021b). In this context, both the Multi-Criterion
Decision Making (MCDM) approach (Khosravi et al.
2019; Souissi et al. 2020), which implies statistical
exercises, and ML algorithms solve such complexities
in environmental modelling (Salvati et al. 2023; Yang
et al. 2023). In MCDM, the relative and respective
importance of the chosen factors can be prioritised by
assigning weights, which helps in portraying how one
alternative outranks the other subject on the specified
criteria (Cao et al. 2016). It is a broad term in which
a set of methods can be implemented to support the
decision-making process by taking into account numer-
ous and often conflicting parameters through a struc-
tured framework (Brito and Evers 2016). This method
embodies the spatially continuous and collective nature
of the inducing criteria on the flood-generating mecha-
nisms (Tang et al. 2018). Similarly, ML provides a wide
range of algorithms where Support Vector Machine
(SVM) (Tehrany et al. 2015; Bammou et al. 2024)
and Artificial Neural Network (ANN) (Priscillia et al.
2021; Lin et al. 2023) have been proven significant in
flood susceptibility modelling. Many past ventures
have been conducted using an ensemble modelling
approach where these two algorithms were kept as the
base (Islam et al. 2021b; Liu et al. 2022).

This study deals with comparing different models
being tested for flood susceptibility zonation (FSZ) and
the efficiency of factor-respective simulations (based
on statistical models). The selection of parameters
depending upon the previously gained ground knowl-
edge, along with referencing literature on FSZ in rivers
of similar traits (Das and Gupta 2021; Kundu et al.
2022), was the initial thrust of this study. Thereafter,
a statistical model and its enhancement were used to
map the spatial extent of flood susceptibility in the
MRB. It was done to identify how a shallow pool of se-
lected parameters (based on their relative contribution)
enhances the outcome of the base model. The SVM
and ANN, two of the most utilised ML algorithms for
hazard mapping, were tested to compare their effi-
ciency with MCDM and externally enhanced MCDM
models. The results were tested twice using different
amounts of testing points to see whether the test results
change with considerations of greater spatial variability
or not. So, the focus lies on preparing FSZ for this
flood-prone river basin using a selected pool of criteria
based on ground knowledge and how different meth-
ods of statistical and machine learning can improve
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prediction accuracy. The accuracy of the models is also
tested twice for different numbers of testing points to
get a better resolution regarding the accuracy of the
models. The novelty of the research lies in the study
area, which is a geomorphologically and topographi-
cally complex region of the flood-prone Rarh Bengal,
wherein such an integrated flood susceptibility analysis
has never previously been conducted. Unlike previous
studies, the present research combines a statistically en-
hanced MCDM framework (to better reflect the relative
contribution of flood-inducing factors) with machine
learning algorithms — specifically SVM and ANN —
thus improving the precision of flood susceptibility
mapping in the MRB. The methodology takes into
account gaps in earlier conducted flood susceptibility
zonation studies where prominent yet conventional
ML algorithms for flood susceptibility mapping have
been investigated (Islam et al. 2025; Sharma et al.
2025). The present study does not replicate standard
models but puts forward a refined model wherein factor
selection and weight calibration have been statistically
validated. Incorporating statistical enhancement has
significantly strengthened the scientific validity and
predictive performance of the flood hazard model.
Ultimately, this approach contributes to the creation of
more stable and spatially representative flood hazard

87°0°0"E

mapping, which is critical for effective risk planning
and mitigation. A general drawback of this study re-
mains in averaging the flood inundation spatially, as
average rainfall and a static land use property have
been used. Thus, the modelled outcome is static to
a particular set of environmental setups; rather, it fails
to accommodate the dynamicity of these two most
determining factors (Islam et al. 2021a).

Precisely, the major aims of this study are as
follows. Firstly, to map the FSZ of the MRB using
different models with varied nature of simulation to get
a wide range of output with different levels of accuracy.
Secondly, to simulate a base model with a shallow pool
of criteria to test the relative importance of factors
depending on the environmental character of the study
area. Lastly, to judge all the models with different sets
of testing points to see whether the relative nature of
testing points affect the model accuracies.

Study area

MRB encompasses the region between the
Chotanagpur Plateau and the western part of the Bengal
basin of Eastern India and covers an area of 9,595 km?
(Fig. 1). The basin is flanked by four rivers, namely,
the Brahmani, Dwaraka, Mayurakshi and Kuye. This
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Fig. 1. Location of the study area. The MRB comes under the lower catchment of the Ganga River. (Bottom-left) Flood inunda-
tion map of the MRB (source: https://floodobservatory.colorado.edu/). Only the set of 100 training-testing points is men-
tioned in this figure, and the set of 200 training-testing points is mentioned in Fig. 2 for a clearer visualisation. Google
maps (2021) has been used as base map in the flood inundation map and Google satellite image (2021) in the map

showing training-testing points
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river system is constituted of five major civil structures,
i.e., the Massanjore dam and Tilpara barrage on the
Mayurakshi River, the Deucha barrage on the Dwaraka
River, the Brahmani bar—rage on the Brahmani River,
and the Bakreshwar weir on the Kuye River. The
basin, in its entirety, is a fragment of the Rarh tract
and is largely composed of Dharwar sediments fol-
lowed by Hercynian orogeny in the upper portion,
lateritic soil and hard clay deposition in the middle
segment, and alternate layers of recent sand, silt and
clay in the lower extensions (Mukherjee et al. 2009).
Geomorphologically, rolling uplands and lateritic bad-
lands can be viewed in the upper portion of the basin,
and low-lying flat depressed lands can be seen in the
middle and lower parts. It is this depressed region
that is highly vulnerable to flooding and thus records
recurrent flood incidents. This area is dominated by
a sub-tropical monsoon climate with the average
annual rainfall being ~1,500 mm. Around 80% of
the rainfall is received in June to September under
the influence of the south-west monsoons (Pal 2016).
This high degree of seasonality of rainfall causes
water stagnation in the lower catchment, leading to

Table 1. Description of the flood conditioning factors

frequent flood episodes. Historical records and sev-
eral government reports from the past three decades
specify the severity of the intensity and magnitude of
the floods faced in MRB. Since 2000, a total of five
flood incidents have been recorded — in 2000, 2006,
2007,2009 and 2015 (Islam and Barman 2020). Flood
depth and duration happen to be highly correlated in
the lower region of MRB (Islam and Sarkar 2020).

Methods

Data procurement

This study heavily relies on a digital database. The
DEM (SRTM 30m) data were collected freely from
https://earthexplorer.usgs.gov/, while the LULC da-
taset and rainfall data were collected from various
scientific web-based platforms. The procurement of
the entire dataset has been illustrated in Table 1 and
the spatial distribution can be visualised in Figure 2..

Parameters Calculation Source Remarks

Elevation - SRTM 30m DEM 5 class classification using natural breaks

Slope Topography module in SRTM 30m DEM 5 class classification using natural breaks
ArcGIS

Topographic Wetness ( 4 ) SRTM 30m DEM 5 class classification using natural breaks;

Index (TWI) In\tanB/; A =area of the higher value = greater flood risk
catchment; = slope angle

Topographic Amount of elevation SRTM 30m DEM 5 class classification using natural breaks

Ruggedness Index (TRI) difference from adjacent
cells

Curvature Topography module in SRTM 30m DEM 5 class classification using natural breaks
ArcGIS

Rainfall Average of monsoon rainfall https://www.worldclim.org/ 5 class classification using natural breaks

(June to September)
Flow Accumulation Hydrology module in

ArcGIS

Soil https://nbsslup.icar.gov.in/

SRTM 30m DEM

5 class classification using natural breaks

Thematic

Groundwater level Average monsoon water
level (June to September)

Distance from the river Vector overlay operation

http://cgwb.gov.in/

Vectors of river channels

5 class classification using natural breaks

Uniform

Drainage Density (DD) Interpolation using the IDW Vectors of river channels 5 class classification using natural breaks
method

Land use land cover - https://livingatlas.arcgis.com/ Thematic

(LULC) landcover/

Geology - https://bhukosh.gsi.gov.in/ Thematic

Bhukosh/Public
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Flood conditioning factors

Elevation

Elevation of an area is deemed one of the triggering
factors that control the flood vulnerability of a region.
With greater flow accumulation, a lower elevation
is more susceptible to flood occurrence. However,
it can also determine the topographic character and
vegetation distribution (Khosravi et al. 2016).

Slope

The degree of slope is another unswerving inducing
factor because it regulates surface water flow. Slope
regulates the surface run-off and vertical percolation
of water, and there exists a negative relationship
between slope angle and infiltration rate (Youssef
etal. 2011). Thus, a higher slope induces more run-
off while water stagnancy pertains on lower slopes,
thereby leading to flood-like conditions on lower
slopes.

Topographic Wetness Index (TWI)

TWI aids in the quantification of the degree of wa-
ter accumulation in a certain landscape. It is calcu-
lated as TWI = In (a / tan B), where a is the flow
accumulation and P refers to the slope in radians
(Moore et al. 1991). Higher TWI values correspond
to higher chances of flooding, and vice versa, because
it is the degree of downstream trends of discharge
(Gokceoglu et al. 2005).

Topographic Ruggedness Index (TRI)

TRI can be defined as the homogeneity in the alti-
tudinal distribution of the land surface. Areas with
low TRI values generally exhibit a high possibility
of flooding owing to their flat nature (Khodaei et al.
2025). Consequently, these values can be located in
and around floodplains. High values, on the other
hand, indicate rugged topographic conditions. The
TRI raster was classified into five classes using
the natural breaks method. Since the study area is
composed of plateaus and plains with transitions in
between, TRI is an essential component for flood
mapping in such terrain.

Curvature

Defined as the rate of change of slope in a specified
direction, curvature is a central factor in the flood-
ing of a region. It is often considered an essential
controlling factor of flood, as it controls runoffs; its
acceleration and deceleration are based on the nature
of the slope (Shahabi et al. 2021). The concave shape
of the landscape is represented by negative curvature
values, whereas the convexity of the topography
is showcased by near-zero curvature and positive
values. Areas with curvature in negative values are
more susceptible to flooding (Nandi et al. 2016),
thus representing flat surfaces with high occurrences
of flooding.

Rainfall

Rainfall has a profound bearing on flood occurrenc-
es, as it has a direct relationship with river water
discharge (Wu et al. 2016). Flash flood-like con-
ditions can also exist in case of sudden downpours
in a short span of time. Here, the rainfall factor has
been quantified based on 30 years of precipitation
data obtained from 1970 to 2000.

Flow Accumulation

Flow accumulation is an obvious factor in influ-
encing the chances of flooding. High flooding can
be detected in areas of high accumulation, and vice
versa. This can be attributed to the augmented runoff
in low topographic regions leading to increased flood
susceptibility.

Soil

Infiltration capacity (and, consequently, runoff) is
directly linked with soil texture. Regions with fine
soil texture have a greater possibility of flooding
than regions with coarse soil texture. In this study,
the plain is mostly composed of clayey soil or clay-
loam texture, which has a low capacity for infiltra-
tion. Owing to low slope and low ruggedness, these
regions become more susceptible to waterlogging,
since vertical penetration is low.

Groundwater level
The groundwater level is an imperative factor in the

determination of flood occurrences. High groundwater
levels lead to higher chances of flooding, whereas
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lower levels of groundwater, on the other hand, lead to
lower chances of flooding events. Since these areas of-
ten experience late monsoon rainfall, the groundwater
level becomes a pertinent factor here (Bandyopadhyay
etal. 2014). A higher groundwater level restricts verti-
cal penetration of surface water into the soil.

Distance from the river

Distance from the river happens to be a major factor in
determining flood occurrences in a region. Generally,
a flood occurs near the riverbanks, further inundating
the adjacent low-elevated regions. As the distance
keeps increasing, the slope and elevation become
higher, reducing flood risk. Thus, areas close to the
river are more susceptible to flooding if we put the
topographic consideration aside (Shahabi et al. 2021).
It was calculated using buffer distance (Euclidean) in
the ArcGIS software.

Drainage Density (DD)

Drainage density refers to the stream length per unit
area in the basin area. It is directly proportional to the
likelihood of flood events. High DD entails high runoff,
high flow accumulation, and low infiltration rate, thus
inducing high chances of flooding, and vice versa.

Land use land cover (LULC)

Both the natural and anthropogenic features on the
surface of the Earth affect the magnitude of floods, as
they modify the topographic condition and degree of
infiltration (Pahari et al. 2024). Vegetated areas en-
hance infiltration capacity, thus lowering the risk of
floods. Subsequently, the possibility of floods is much
higher over impermeable surfaces, due to reduced
infiltration rates. Additionally, modifications to the
utilisation of the land trigger chances of flooding. Here,
the LULC map was downloaded from the ESRI server,
prepared based on the 2020 satellite dataset at 10-m
resolution. This region is an agriculturally dominated
region; thus, the economic loss due to flooding is an
issue of significant concern for the government.

Geology

Geological structures with impermeable formations
(i.e., clay and silt) augment the rate of runoff, thereby
amplifying the occurrence of floods. Alternatively,
permeable structures, like sand, allow infiltration,

leading to decreased chances of flooding. The hard
rock concentration on the upper part of the catchment
contributes to greater surface runoff unless restricted
in fracture zones. This degree of runoff contributes
to more water accumulation downstream, where, on
the plains, the concentration of hard clay and a higher
groundwater level restrict vertical percolation.

Collinearity testing

The variance inflation factor (VIF) is a common method
for detecting the presence of linear relationships involv-
ing two or more independent variables (i.e., collinearity)
in the multiple linear regression model (Gomez et al.
2016). VIF assesses how much the correlation between
a predictor variable and the other predictor variables in
the model increases the variance of the estimated coeffi-
cient for that variable (Kariminejad et al. 2019). Ranging
from one to positive infinity, a VIF of one specifies that
the variable is not correlated with other predictors, while
higher VIF values suggest increasing levels of multicol-
linearity (Yilmaz 2007). VIF is generally calculated as:

where R ? is the unadjusted coefficient of determination
for the regression model.

In this study, VIF and tolerance (TOL) have been
used to quantify the importance of flood conditioning
factors. VIF>9 and TOL<0.1 are considered threshold
limits, and they indicate the problem of multicollinearity
in the chosen factors (Islam et al. 2021b). Therefore, it
is suggested not to include those factors for modelling
that has a VIF>9.

Fuzzy Analytical Hierarchy Process (FAHP)

The size of pair comparisons between criteria is con-
strained to single values in the conventional AHP method
following the designated scaling system. As a result, AHP
is criticised for having an imbalanced scale of judgment
and failing to adequately account for the inherent ambi-
guity and vagueness in conducting comparisons between
pairs (Pourghasemi et al. 2012; Yang et al. 2013). Fuzzy
theory helps in reducing the fuzziness and uncertainty in
data distribution (Lyu et al. 2020). Integration of Fuzzy
theory and AHP models is a practical method widely
used in environmental risk assessment (Peng et al. 2021).
The Fuzzy AHP (FAHP) method is used to determine
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the weights of the selected criteria in this study. Wehave =~ Among those, the judgment with the lowest error was
used the traditional trapezoidal fuzzy number to deter-  selected. These opinions were taken from researchers
mine the fuzzy weights. This type of fuzzy is widely used  with prior knowledge of applying AHP in hazard-relat-
for hazard susceptibility mapping as it can handle the  ed studies. The overall calculation process of the Fuzzy
vagueness and uncertainty in the used dataset. Ithelpsin ~ AHP model is summed up briefly in four steps which
achieving better accuracy in determining weights (Wang  are summarised as: (a) representation of judgments for
et al. 2021). Here, a total of four external opinions were  pairwise comparison for creating the decision matrix; (b)
considered to prepare a pairwise comparison matrix.  aggregation of Fuzzy sets for group decisions and criteria
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weights; (c) de-fuzzification of a fuzzy set for further
comparison and, lastly, (d) consistency measurement
(consistency level <0.1) for limited contradiction which
will be addressed in turn (Baral et al. 2023). The geometric
mean method was used to determine the fuzzy weights
(Table 2). A detailed description of the FAHP process
can be found in the works of Aliyev et al. (2020) and
Mahad et al. (2019). Here, apart from the computation
of the weightage of the selected parameters, the class
rank of each of the parameters was also derived using
the AHP method (Table 3). The weighted linear combi-
nation model was used to calculate the composite scores,
the product of the weightage of the parameters and the
respective class rank for each pixel.

Partial Least Squares Regression-Variable
Importance in Projection (PLS-VIP) method

The data were statistically analysed using the PLS-
VIP method to determine the relevance of variables
toward flood susceptibility. The primary purpose of

this technique is to reduce the number of predictors
to a smaller set of variables to identify the best-opti-
mised model (Wold et al. 1993; Mukherjee et al. 2015).
VIP scores are used in the PLS model to summarise
the impact of individual factors, i.e., the independent
variables. The amount of explained variance for the
dependent variable in each extracted latent dimen-
sion is taken into consideration while calculating VIP
scores, which are calculated as the weighted sum of
squares of the PLS weights (Farres et al. 2015; Das
and Gupta 2021). The research works of Wold et al.
(1993) and Mukherjee et al. (2015) comprise a de-
tailed methodology and equations for the PLS-VIP
approach. This approach was applied because it scores
the independent variables quantitatively according to
their relative weight. XLSTAT software was used to
calculate PLS-VIP values. The PLS-VIP scores were
generated for all the flood conditioning factors (Fig.
3). However, those factors (soil, distance from the river,
LULGC, and flow accumulation) whose scores were less
than the threshold value of 0.6 were excluded (Saha et
al. 2022) (Table 4).

Table 2. Decision matrix and respective weights of the criteria as derived from the FAHP model

Distance

. . Flow Groundwater . AHP FAHP
Parameters Elevation Slope Rainfall Accumulation frigetrhe TWI DD TRI LULC Curvature level Soil  Geology Weight Weight
Elevation 1 2 2 2 3 3 4 5 5 6 6 6 8 0.193  0.189
Slope 1/2 1 2 2 4 4 3 3 4 5 5 5 7 0162 0.159
Rainfall 12 12 1 2 2 3 4 3 4 4 5 5 7 0132 0135
Flow Accumulation 1/2 1/2 1/2 1 2 3 3 3 4 5 5 5 7 0.118 0.123
pistance fromthe 13 ysan 172 1 2 3 3 3 4 4 4 6 0089 0.090
TWI 13 /4 1/3 173 1/2 1 2 2 2 3 4 4 6 0068 0.068
DD U4 13 1/4 1/3 1/3 722 1 2 2 3 4 5 5 0.060 0.059
TRI /5 13 1/3 1/3 1/3 2 12 1 2 3 3 4 5 0.052  0.052
LULC /5 /4 1/4 1/4 173 12 1212 1 2 3 4 4 0042 0041
Curvature /6  1/5 1/4 1/5 1/4 13 1313 172 1 2 2 3 0.028 0.028
Groundwaterlevel — 1/6  1/5 1/5 1/5 1/4 4 1/3 13 1/3 12 1 2 2 0.023  0.023
Soil /6  1/5 1/5 1/5 1/4 /5 1/4 1/4 1/4 12 1/2 1 2 0.019  0.019
Geology 8 17 1/7 1/7 1/6 /5 1/5 1/5 1/4 173 1/2 172 1 0.014 0.014
Lamda = 14.12 CI = 0.0937 CI/RI = 0.060
Table 3. Scores for respective classes of the parameters, which were only classified into 5 classes

Class ClassI ClassII ClassIII ClassIV  Class V. AHP Weight

Class I 1 2 4 7 9 0.454

Class 1T 1/2 1 3 5 8 0.295

Class IIT 1/4 1/3 1 4 5 0.151

Class TV 1/7 1/5 1/4 1 3 0.066

Class V 1/9 1/8 1/5 1/3 1 0.034

Lamda = 5.296 CI = 0.074 CI/RI = 0.066
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Fig. 3. PLS-VIP values of the used flood conditioning criteria in the FAHP model
Table 4. Determination of PLS-VIP enhanced FAHP weights
: . PLS-VIP
Factors FAHP Weight ~ VIP Product Normalised Enhanced Weight
Elevation 0.189 0.687 0.132 0.191 19.131
Slope 0.159 0.745 0.120 0.174 17.414
TWI 0.068 0.962 0.065 0.094 9.438
TRI 0.052 2.193 0.114 0.164 16.453
Curvature 0.028 1.253 0.035 0.050 5.062
Rainfall 0.135 0.855 0.112 0.162 16.284
Groundwater level 0.023 1.154 0.026 0.038 3.829
DD 0.059 1.199 0.071 0.103 10.380
Geology 0.014 0.993 0.013 0.020 2.005

Support Vector Machine (SVM)

SVM is a widely used prediction model for hazard
susceptibility analysis. It is present with multiple linear
indicating functions (Vapnik 2013). Here, the data
transformation in the SVM model was done using
the Kernel mathematical system. The training dataset
was used for preparing a hyperplane while converting
the SVM dataset to high high-dimensional data space.
Since the suitability of the Kernel function determines
the efficiency of the SVM model output, the radial
basis function (RBF) is usually of high regard among
other kernel functions (Islam et al. 2021a). The RBF
is flexible in dealing with multiple dimensions, and
it has a better generalisation ability. These qualities
make this model highly utilised for flood susceptibility
modelling (Yang and Cervone 2019). The selection
of variables is very important in this model because
the aptness of the controlling factors reduces the di-
mensionality of the model space and noise within the

34

model. Thus, it increases the model accuracy (Shahabi
et al. 2020).

Artificial Neural Network (ANN)

ANNEG are intricate ML models that contain networks
of connected nodes and neurons. A vector of feature
values is the input for every neuron. It multiplies
this input vector by a column vector of weights and
adds a weight called “bias”. Ultimately, the product
of this multiplication is fed into an activation func-
tion, which yields an output (Atkinson and Tatnall
1997). This study models flood susceptibility using
an ANN model with input, hidden and output layers
using a Back-Propagation (BP) and error-correction
learning technique. Back-propagation is actually
used while training the dataset to determine each
neuron's weight (Gurney 1997). During training,
the magnitude of the update to neuron weights is
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controlled by the learning rate, a hyperparameter of
the ANN. To avoid overfitting to the training set, the
a regularisation term limits the size of the weights.
The BP helps in analysing the non-linear relationships
with the set of criteria and flood events (occurrence
points) (Dodangeh et al. 2020).

Here, all the FSZ maps were divided into five class-
es. Selection of five classes is ideal for these kinds
of studies, as it provides a certain range for rasters,
and selecting a greater number of classes will not
change the understanding significantly if the method
of classification remains the same (Yang et al. 2023).
Since the rasters do not have a significant range, re-
ducing the issue of having high outliers, we opted for
a quantile method to classify FSZ raters. Dividing
raster values into five classes is quite convenient as
it gives us extra gradation between low-to-medium
and medium-to-high intensity. Dividing into a greater
number of classes could lead to insignificant dilution
of values into classes, which are visually distorted but
also inappropriate for preparing any planning schemes
based on such gradations. More than the number of
classes, what matters most is the model that is actually
being used. With the presence of outliers, we could
have used other models rather than the Quartile
method (ESRI 2024).

Validation

A thorough quantitative technique for accuracy
assessment is the receiver operating characteristic
(ROC) curve (Al-Juaidi et al. 2018). It is a globally rec-
ognised and widely used method for accuracy testing
because of its comprehensive and easy-to-understand
outlook (Chen et al. 2021). Using the area under the
curve (AUC) method, the ROC method authenticated
the model by comparing known data with likely flood
points. The AUC ranges from 0.5 (the lowest accuracy)
to 1 (the highest accuracy) (Al-Abadi and Al-Najar
2020). Particularly, there is a poor (0.5-0.6), medium
(0.6-0.7), good (0.7-0.8), very good (0.8-0.9), and
excellent (0.9-1) correlation between AUC and the
accuracy of spatial model prediction (Yesilnacar and
Topal 2005). In this study, the ROC process was done
in a two-step process. One hundred and 200 ground
control points (GCPs) were selected separately from
the flood extent map prepared by Dartmouth Flood
Observatory (https://floodobservatory.colorado.edu/)
in a non-biased way (randomly). Firstly, the 100 points

were taken only from the inundated area only, and,
for the 200 points procedure, points were randomly
selected from both the inundated and non-inundated
areas (Fig. 1). A 70:30 ratio of training and testing
points was considered for testing the FSZ maps from
the first set of GCPS, and later, the entire 200 points
were selected to test the accuracy of the FSZ. Here,
only the two highest flood susceptibility classes (high,
moderately high) were considered as the probable
flood inundation extent.

Results

The class respective areal coverage for each of the
factors has been provided in the supplement section
(TS1), and the visualisation of it is illustrated in Fig. 4.
Here, except for the thematic rasters (Geology, soil
texture and LULC), variables were classified using
the natural break models because of the presence of
outliers in their respective distribution.

Collinearity among flood conditioning factors

The results of the collinearity tests indicate that geology
has the highest VIE, followed by elevation, groundwa-
ter level, soil, rainfall, distance from the river, slope,
TWI, LULC, DD, flow accumulation, curvature, and
TRI, respectively (Table 5). Here, VIF and TOL values
among flood conditioning factors vary from 6.10 to
1.04 and 0.96 to 0.16. Consequently, there is no severe
multi-collinearity problem among the chosen flood
contributing factors. Thus, not a single criterion was
excluded from the selected set of criteria for flood sus-
ceptibility modelling. The FSZ prepared using FAHP,
SVM and ANN has used all the selected criteria except
the model, where PLS-VIP based statistical enhance-
ment has been done.

Flood susceptibility mapping

Fuzzy AHP (FAHP)

Taking into consideration all 13 flood conditioning
factors, all five distinct flood susceptibility classes (i.e.,
low, low-to-moderate, moderate, moderate-to-high,
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the x-axis was taken in logarithmic progression for a better representation

Table 5. Collinearity statistics of the selected flood
conditioning factors

Statistic R? Tolerance  VIF
Elevation 0.81 0.19 522
Slope 0.22 0.78 1.28
TWI 0.19 0.81 1.23
TRI 0.04 0.96 1.04
Curvature 0.10 0.90 1.11
Rainfall 0.54 0.46 2.18
Flow accumulation 0.10 0.90 1.11
Soil 0.57 0.43 2.34
Groundwater level 0.67 0.33 3.04
Distance from the river  0.29 0.71 141
DD 0.16 0.84 1.19
LULC 0.18 0.82 1.22
Geology 0.84 0.16 6.10
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Supplementary Table 1. Area-wise distribution of Fuzzy
AHP based susceptibility class

Susceptibility class (Fuzzy AHP) ~ Area (km?)

Low 1,076
Moderately Low 2,745
Moderate 3,176
Moderate to High 1,960
High 635

and high) were identified in the study area by the FAHP
model (Fig. 5). The classes covering the least area are
high flood susceptibility (635 km?) followed by low
(1,076 km?). The moderate flood susceptibility class
covers the largest area (3,176 km?). The low-to-moder-
ate flood susceptibility class and the moderate-to-high
flood susceptibility class stretch over 2,745 km? and
1,960 km?, respectively.
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Fig. 5. Flood Susceptibility Zone in MRB, determined by FAHP

Induction of PLS-VIP scores

While applying the PLS-VIP enhanced FAHP method,
we excluded soil texture, flow accumulation, distance
to rivers, and LULC parameters from the set of criteria
used in the FAHP model. These factors have registered
PLS-VIP scores below 0.6. Focusing on the excluded
factors, it might be justified if the regional geology
registered a low VIP score. But it did not - probably
due to the testing points being concentrated only
within the previously marked flood susceptible zones.
Moreover, as the testing points were mostly obtained
from a similar kind of lithological unit, and, as the flat
floodplains of the downstream reach are composed of
fine sand only, the lithological composition within the
model’s environment develops its significance. One
of the shortcomings of this model lies in the selection
of the GCPS. Since all the GCPS were taken from the
flat plains, which are susceptible to floods, important
parameters like distance to the river were excluded due
to alow VIP score. However, this is solely based on the
primary raster, which is FAHP based FSZ here, and
the factors being selected based on their VIP scores
are somehow dependent on the weightage primarily
applied to the variables during the FAHP modelling.
Based on the generated PLS-VIP enhanced FAHP,
five susceptibility classes have been identified (Fig. 6).
Owing to the exclusion of certain factors, the results
obtained completely varied with respect to the FAHP
classes. In this case, the minimum area was covered by

the low susceptibility class (587 km?), and the maxi-
mum area of 2,659 km?* was covered by the moderate
susceptibility class, while in FAHP based FSZ, the high-
est flood susceptible region registered the lowest areal
expansion. The low-to-moderate and moderate-to-high
susceptibility classes occupied 2,514 and 2,601 km?
area, respectively. The high susceptibility class, however,
covered 1,190 km?, which is nearly double that of the
same class in the FAHP-based FSZ.

SVM

Concerning the SVM model, all five distinct flood
susceptibility classes have been identified, taking into
consideration all flood conditioning factors (Fig. 7).
The least area of 566 km? was covered by the mod-
erate flood susceptibility class, followed by high sus-
ceptibility (1,052 km?). The moderate-to-high flood
susceptibility class covers the largest area (2,640 km?).
The low-to-moderate flood susceptibility class and the
low flood susceptibility class stretch over 1,322 km* and
4,012 km?, respectively.

ANN

The ANN with the back-propagation method for
assigning weights to each vector predicted the flood
susceptibility map of the MRB (Fig. 8). Keeping the
class divisions similar, in this case, the minimum area
was covered by the low-to-moderate susceptibility
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Validation

class (398 km?), and the largest area (5,624 km?) was  In the present study, the FAHP yields accuracy on the
covered by the low susceptibility class. The moderate  order of ~93% (AUC of 0.93). PLS-VIP-FAHP has
and moderate-to-high susceptibility classes occupied ~ shown model accuracy to be ~89% (Fig. 10). SVM has
411 and 635 km?, respectively. The high susceptibility ~ displayed the highest model accuracy of 96% (AUC of
class, however, covered 2,523 km? (Fig. 9). 0.96). Lastly, an accuracy of 92% has been shown by
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ANN. Hence, all the models have performance levels
in the category of “excellent”, except PLS-VIP-FAHP,
which performed slightly lower (“very good”). Higher
RMSE values by FAHP (0.880) and PLS-VIP-FAHP
(0.930) models implied less accurate predictions. On
the other hand, the lower RMSE values for the SVM
and ANN models make accurate predictions and fit the
data well. The SVM model outperformed all the models
and emerged as the best-fit model (Table 6). However,
in the case of testing the models with 200 points, the
degree of accuracy changes for each of the models.
PLS-VIP-FAHP registered the lowest value, with 0.80,
followed by FAHP, with 0.89, while both the SVM and
ANN registered an AUC of 0.90. Apart from testing
with a greater number of points, the randomness of the
points could have played a significant role in reducing
the accuracy levels of the models (Table 7). Apart from
these exercises, the SVM model was separately applied
using the same dataset except the rainfall data. Here,
we tested with a more recent rainfall dataset, that of

Receiver Operating Characteristic (ROC) Curve

CHIRPS (Fig. S1). We prepared the rainfall raster
by averaging the annual rainfall from 1991 to 2020
and simulated the model by replacing the previously
mentioned Worldclim dataset to verify whether the
recent data can affect the flood susceptibility scenario
(Fig. S2). This simulation has registered a marginal
change in the AUC value, 0.86 (Fig. S3), which was pre-
viously 0.90 using the Worldclim data. For validation
of this simulation we used the second set of GCPS (200
points with a 70:30 training-to-testing ratio).

Discussion

Researchers of the global scientific fraternity have
used MCDM techniques to predict flood susceptibility
in different river basins located in different climatic
regions (Pradhan 2010; Rahmati et al. 2016). This

Receiver Operating Characteristic (ROC) Curves
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Fig. 10. ROC curves for FAHR PLS-VIP enhanced FAHP model, ANN and SVM used in predicting FSZ in the MRB with a training-

testing ratio of 70:30

Table 6. Model accuracy statements, tested with 100 control

Table 7. Model accuracy statements for testing with 200 control

points divided at a 70:30 ratio points
Model AUC  Std. Error RMSE Model AUC  Std. Error RMSE
Fuzzy AHP 0.930 0.068 0.880 Fuzzy AHP 0.89 0.04 0.5
PLS-VIP Enhanced FAHP  0.890 0.072 0.930 PLS-VIP Enhanced FAHP  0.80 0.07 0.55
SVM 0.960 0.020 0.336 SVM 0.90 0.05 0.45
ANN 0.920 0.020 0.323 ANN 0.90 0.03 0.39
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rainfed tropical river, the Mayurakshi, has a significant
amplitude of annual discharges during the monsoon
period, and this is evident in frequent flood occurrences
(Islam and Sarkar 2020). In this study, the selected
flood conditioning criteria and the preferred models
delivered a significant result with an excellent fit to the
previously observed scenario of flood susceptibility
in MRB. Multiple studies have dealt with the flooding
nature in this river basin (Islam and Sarkar 2020; Islam
and Barman 2020; Islam and Ghosh 2021; Islam et al.
2021b) and tried showcasing the controlling factors
at specific sub-catchment levels (Islam and Barman
2020). The overall results suggest the dominance of the
topographic factors in determining the extent of flood
inundation. Similar results have also been obtained
in the works of Tehrany et al. (2015) and Zhu et al.
(2024) in the inundated lands of Kuala Terengganu and
Malaysia, and in the Yangtze River Delta, respectively.
Since the region has varied terrain characteristics, the
assumption that increasing distance from the river
moderates the chances of flood inundation does not fit
here. Apart from that, topographic dominance reduc-
es the role of finer soil texture and LULC properties.
Khosravi et al. (2019) highlighted that soil permeability
and changes in land use and land cover patterns were
the most notable factors, rather than topography, in
Northern Iran, contrasting with the Mayurakshi case,
where terrain controls dominate. The congestion of
drainage, flat floodplains, and convergence of multiple
rivers within a small distance also reduces the impact
of in-channel flow accumulation. However, excluding
the criteria whose impacts are somehow suppressed
by the topographic controls and drainage orientation
does not improve the significance of the model built-
up, as the model accuracy of PLS-VIP-FAHP was
4% lower than that of FAHP. Most likely, on the flat
plains, the converging drainage arteries have devel-
oped low inter-channel distances in the lower reach
of the Mayurakshi River. This increases the degree of
flow accumulation. In each of the models, this region
was found to have with highest flood susceptibility
value. Lack of slope downstream and inundation of
the river mouth region during flood situations in
the Bhagirathi-Hooghly River restricts flow passage
from the basin (Sen et al. 2020). This is quite common
for eastwards-flowing rivers joining the Bhagirathi-
Hooghly channel in the lower deltaic part of the
Ganges. Mostly, the lower reach of the basin is found
to be highly susceptible to flood, as is also verified from
the flood observation raster. The confluence region
of the Dwaraka, Mayurakshi and Kuye Rivers creates

a converging area of river discharge, and the junction
area becomes very narrow to flush the entire discharge
out (Islam et al. 2021a). These considerations helped in
the selection of the flood conditioning factors. Since the
topographic control is dominant, the terrain property
was set at the highest tier while assigning weights to
the criteria. Similar causal considerations have been
used in several studies that registered a greater degree
of model fitting (Saha et al. 2022).

This study has raised the issue of pertinent selection
of conditioning factors based on the study area’s geo-
morphic character and assessed even how reducing the
number of factors using relevant statistical techniques
can lower the model’s accuracy. This issue does not
hamper the replicability of the methodology in other,
different regions because our selection of relevant fac-
tors improves accuracy in determining flood suscepti-
bility rather than testing a model using a generalised
suite of globally applied conditioning factors (Yang et
al. 2023). The emphasis should be on following the core
methodology rather than on replicating the factors
employed for the particular study area of the present
study. A similar claim has also been made by Wang et
al. (2021), where factors were chosen based on their
significance concerning the nature of the study area.

Conclusions

This study identifies the potential sites for flood
inundation in the MRB, where floods threaten the
overall infrastructure and cause rampant damage to
agriculture, livelihoods and human settlements. Here,
a selection of relevant flood conditioning factors for this
study area prepared the baseline for higher accuracy
of the predictive models, which is significant enough
to be considered appropriate for use in developing an
efficient flood preparedness strategy and sustainable
resource management in the MRB.

«  This study compares MCDMs and ML models and
proves that a careful selection of parameters and
prior field knowledge applied in assigning relative
weights of the criteria can help an MCDM model
to outperform ML algorithms.

o Here, the model accuracy of FAHP (AUC=0.93)
was higher than the ANN (AUC=0.92), but a lower
RMSE for ANN compared to the FAHP indicates
a significantly greater association of the ANN
model with selected environmental conditions.
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« Increasing the number of testing points decreased
model accuracy. This is probably due to greater
spatiality in terms of distribution of points and
induced greater uncertainty in the randomness
of distribution.

o The study ascertains that the high flood suscepti-
bility zone covers ~10.97% of the MRB using the
SVM model, the best-fit one.

« The occurrence of floods in this basin is the out-
come of a combination of natural factors, like low
slope gradient, lower capacity of stream channels,
higher soil moisture content, and poor infiltration
capacity of soils.

The current study put forward an efficacious model
that can be employed to demarcate flood-susceptible
zones, thereby aiding planners, stakeholders and deci-
sion-makers in properly supervising flood-prone areas
in the MRB. Furthermore, this will aid in mitigating
forthcoming flood vulnerability and damage and in
ensuring appropriate and sustainable socio-economic
development. The coupling of certain machine learning
models and the incorporation of ensemble algorithms
using non-stationary models with AHP could be con-
sidered for future work.
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