29

Flood Susceptibility Mapping using GIS and Evidential
Belief Function Model in Lam Chiang Krai Watershed,
Nakhon Ratchasima Province, Thailand

Phetprayoon, T.

Geography and Geoinformatics Program, Faculty of Science and Technology, Nakhon Ratchasima Rajabhat
University, Nakhon Ratchasima, 30000, Thailand

E-mail: tharapong.p@nrru.ac.th

DOI: https://doi.org/10.52939/ijg.v21i6.4231

Abstract

Flood events are recognized as highly impactful natural hazards, frequently resulting in considerable economic
losses across ecosystems, agriculture, and infrastructure. Identifying areas most susceptible to flooding has
become a crucial component of flood mitigation plans. The objective of this study is the application of
Geographic Information Systems (GIS) integrated with the Evidential Belief Function (EBF) model to flood
susceptibility mapping in the Lam Chiang Krai watershed, Nakhon Ratchasima province, Thailand. A flood
inventory map was initially generated, and the data were subsequently partitioned into a training dataset (70%)

and a validation dataset (30%) for model development and accuracy assessment. Ten flood conditioning factors,
such as elevation, slope, curvature, stream power index (SPI), topographic wetness index (TWI), distance to

stream, geology, soil texture, land use and land cover (LULC), and mean annual rainfall, were used as thematic
layers in the analysis. The potential redundancy among these variables was examined using multicollinearity
analysis. An analysis of the spatial associations between the flood inventory and the explanatory variables was
carried out using the EBF model, through which the flood susceptibility index (FSI) was derived. The FSI was
classified using the geometrical interval classification scheme into five flood susceptibility classes. The model
was validated using the relative operating characteristic (ROC) and area under the curve (AUC). The analysis
demonstrated that the AUC values for the success and prediction rates were 0.778 and 0.816, respectively.

These results validate the efficacy of the EBF model in accurately generating flood susceptibility maps for the
study area.

Keywords: Evidential belief function, Dempster-Shafer, Flood susceptibility, Geographic Information System,
Lam Chiang Krai

1. Introduction

Flooding is a natural disaster caused by climatic
conditions and terrestrial surface characteristics. It
has resulted in economic losses and adverse impacts
on human life, as well as the destruction of physical
assets, including farm machinery, agricultural land,
crops, residential buildings, and critical infrastructure
such as roads, bridges, and rail networks, while also
causing damage to the surrounding natural
environment [1]. The resulting damages often require
substantial financial resources for recovery and
rehabilitation. Flood disasters around the world
exhibit diverse occurrence patterns and impacts,
which are influenced by climatic factors, topographic
conditions, and land use characteristics specific to
each region. Southeast Asia is considered one of the
regions most impacted by natural disasters, often
driven by climatic factors and increasing in both
frequency and intensity [2] and [3].
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In the Southeast Asia region, Thailand is identified as
one of the countries increasingly subjected to intense
flooding events with rising occurrence rates. The
substantial flooding was mostly caused by torrential
rain and several tropical storms that occurred
throughout the extended rainy season, with most
events occurring during the later part of the monsoon
period, spanning from August to November [4]. The
predominant causes of flooding in Thailand are
attributed to excessive rainfall [5], rapid
urbanization, deforestation in the uplands, and
insufficient flood management systems [6]. Flooding
has led to significant economic losses in Thailand.
According to the report [7], in late 2011, the most
severe flood in seven decades inundated over one-
third of the country, resulting in property and
economic losses exceeding one trillion baht.
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In 2011, the estimated indirect economic losses led to
a 4.81% decrease in the country’s gross domestic
product (GDP), excluding transboundary impacts.
Furthermore, these losses are projected to cause a
GDP reduction exceeding 0.5% by 2030, culminating
in total damages amounting to $55.3 billion between
2011 and 2030 [8]. Given these challenges, flood
susceptibility mapping constitutes a critical
preliminary step for the flood early warning system,
the provision of emergency response services, future
flood mitigation and prevention efforts, and the
implementation of effective flood management plans
[9][10] and [11]. This study focuses on selecting
watersheds that have experienced flooding events,
specifically characterizing them as small agricultural
watersheds, to develop a model applicable to other
agricultural areas facing similar challenges. The Lam
Chiang Krai agricultural watershed, located near the
edge of the Khorat Plateau in Nakhon Ratchasima
province, is one such area that frequently experiences
flooding issues. The selection of the Lam Chiang
Krai watershed as the study area is based on several
important considerations that enhance its relevance
for flood susceptibility mapping. First, the watershed
is representative of small agricultural basins situated
along the Khorat Plateau, sharing similar
geomorphological and land-use characteristics with
many other flood-prone areas in northeastern
Thailand. Second, recurrent flooding has been
observed in the Lam Chiang Krai watershed over the
past several decades, significantly impacting local
agricultural productivity and livelihoods, thereby
making it a critical area for the development of flood
management measures. Furthermore, it is located in
a socio-economically important region where
agriculture serves as the main source of income for
rural communities. Therefore, the results of this study
can be used as a guideline for other agricultural
watersheds in the region that experience similar
hydrological, environmental, and socio-economic
conditions.

Various modeling techniques have been
employed globally by researchers to assess flood
susceptibility. These methods include Multi-Criteria
Decision Analysis (MCDA) [12], Analytical
Hierarchy Process (AHP) [13], Frequency Ratio (FR)
[14], Fuzzy-AHP [15], Logistic Regression (LR) [16]
and [17], Fuzzy Logic [18], Support Vector Machine
(SVM) [19], ensemble weights-of-evidence and
SVM [20], Fuzzy Gramma Operator [21], integration
of nature-inspired algorithms into support vector
regression (SVR) [22], Metaheuristic Optimization
Algorithms [23] and [24], Machine Learning,
MCDA, and Ensemble using Dempster Shafer
Theory [25]. These various models have been
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integrated with Geographic Information Systems
(GIS) for assessing flood susceptibility. Traditional
approaches such as the MCDA, AHP, and FR are
widely applied due to their simplicity and
interpretability [26]. However, these methods often
rely on assumptions of linearity and expert judgment,
which may introduce subjectivity and reduce their
adaptability to complex or uncertain environments.
In contrast, machine learning models such as SVM
and metaheuristic algorithms offer high predictive
performance but generally function as "black-box"
models, limiting transparency and interpretability in
spatial decision-making [20] and [27]. The
Dempster-Shafer theory, meanwhile, provides a
flexible probabilistic framework that effectively
manages uncertainty and integrates multiple sources
of evidence. It allows for spatial modeling of belief,
disbelief, plausibility, and uncertainty, making it
appropriate for flood susceptibility assessment in
data-limited or heterogeneous environments [28].
The evidential belief function (EBF), grounded in
the Dempster-Shafer theory of evidence, provides a
mathematical foundation for reasoning in the
presence of uncertainty and has been widely
recognized as a robust approach for integrating
spatial datasets [29]. The theory is particularly useful
in situations where evidence is incomplete,
imprecise, or uncertain, and it allows for the
combination of evidence from different sources [30].
The knowledge-driven approach of the evidential
belief function model has been used in flood
susceptibility mapping [19][31] and [32]. The
integration of GIS with the EBF model presents a
powerful approach to natural disaster susceptibility
mapping [19] and [29]. The main objective of this
paper is to examine the potential application of the
GIS and EBF model to flood susceptibility mapping
in the Lam Chiang Krai watershed, Nakhon
Ratchasima province, Northeast Thailand.

2. Materials and Methods

Figure 1 illustrates the methodological framework
employed in this study. The dependent variable
comprised historical flood records, subsequently
partitioned into separate subsets for model
development and accuracy assessment. This study
employs frequently wused factors in flood
susceptibility mapping, including the elevation,
slope, curvature, SPI, TWI, distance to stream,
geology, soil texture, LULC, and mean annual
rainfall [33]. An evaluation of multicollinearity was
performed to identify potential redundancy within the
set of independent variables [32]. The flood
susceptibility index (FSI) was analyzed using the
EBF model within a GIS environment.
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Figure 1: Flood susceptibility mapping methodology

The accuracy of the model was evaluated through the
application of the relative operating characteristic
(ROC) curve and the area under the curve (AUC)
approach [34]. Subsequently, the FSI was reclassified
to produce flood susceptibility maps.

2.1 Study Area

The Lam Chiang Krai watershed was selected as the
study area, characterized by its predominantly
agricultural landscape and previous significant flood
damage. The watershed is suited to the edge of the
Khorat Plateau, encompassing an area of 2,841 km?>.
It is geographically located between 101° 25’ 39" E
to 102° 17" 16" E longitude and 14° 58’ 58" N to 15°
17" 56" N latitude, in Nakhon Ratchasima province,
Northeast, Thailand (Figure 2). The elevation ranges
from 162 to 595 m.s.a.l., with an average elevation of
approximately 226 m.s.a.l. The climate of the region
is classified as a tropical savanna climate, with an
annual mean temperature of 27.3°C. An average
annual precipitation of 1,112 mm is received in the
area, with the lowest mean monthly rainfall recorded
in December (2.7 mm) and the highest in September
(228.3 mm). The study area is geologically situated

within Cretaceous sedimentary rock formations,
primarily composed of sandstone and siltstone,
including the Phu Phan, Khok Kruat, and Maha
Sarakham Formations. Additionally, the downstream
area of the watershed consists of Quaternary alluvial
deposits. Land use in the area is primarily composed
of agricultural activities, accounting for 86% of the
total land, with 48% allocated to field crops and 35%
to paddy fields.

2.2 Flood Inventory

The database of historical flood events is considered
an important resource for examining the relationship
between flood conditioning factors and flood
occurrences [35] and [36]. The accuracy of historical
flood event data is considered essential to the
reliability of model outputs, as such data are utilized
to train the model. In this study, the flood inventory
was prepared using records of flood events from 2005
to 2020, which were interpreted using satellite
imagery and provided by the Geo-Informatics and
Space Technology Development Agency (GISTDA).
The flood polygon data was provided in shapefile
format and subsequently converted to raster format
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with a 30 m spatial resolution. The coding for flooded
and non-flooded areas was assigned as 1 and O,
respectively. The first step in developing an effective
model is selecting datasets for training and
validation. In other studies, flood raster data is often
randomly sampled to create points for modeling.
However, because flood events typically cover large
areas (areal phenomena), representing them as points
can introduce significant errors and distort the
depiction of flood hazard zones [37]. To mitigate the
aforementioned issue, this study recommends a more
accurate method by using areal flood pixels rather
than random sampling from flood areas. The flood
inventory map contained 817,404 pixels representing
flood conditions, which were split into two groups,
with 609,283 pixels (70%) allocated for model
training and 261,121 pixels (30%) for validation
(Figure 2). The 70:30 ratio has been widely adopted
in spatial modeling and machine learning studies, as
it ensures an adequate sample size for model

101°30'0"E

I Fiood locations (2005-2020)
@ Training pixels K validation pixels
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calibration while retaining a sufficient portion of data
for independent validation, thereby enabling a
reliable assessment of model performance [31] and
[32].

2.3 Flood Conditioning Factors

Specific guidelines have not been defined for
identifying flood conditioning factors influencing
flood occurrences [38]. The selection of flood
conditioning factors was based on the physical
characteristics of the watershed, related research
documents [33], and the availability of spatial data.
These factors were derived from raw data obtained
from several official agencies, with details presented
in Table 1. Each factor was transformed into a raster
data structure with a spatial resolution of 30 meters
to enable consistent spatial analysis. All raster layers
were subsequently converted to a 32-bit floating-
point format to enable the representation of decimal
values.
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Figure 2: Flood data, and the division of datasets for model training and validation in Lam Chiang Krai
Watershed, Nakhon Ratchasima Province, Thailand

Table 1: Spatial database used in the study

Source GIS data

Data type Description

GISTDA
(https://disaster.gistda.or.th/flood/)

Flood inventory

Royal Thai Survey Department
(RTSD) (https://www.rtsd.mi.th/)

Elevation, Slope,
Curvature, SPI, TWI
Distance to stream
Department of Mineral Resources Geology
(DMR) (https://www.dmr.go.th/)
Land Development Department

(LDD) (https://www.ldd.go.th/)

Soil texture
LULC

Thai Meteorological Department Mean annual rainfall
(https://www.tmd.go.th/)

Vector data  Flood events occurring between 2005
and 2020 were derived from various

sources of satellite imagery.

Raster data ~ DEM spatial resolution 30 m, 15’ x 15’
tiles.

Vector data  Topographic map at a scale of 1:50,000.

Vector data  Geological map at a scale of 1:50,000.

Vector data
Vector data

Soil map at a scale of 1:50,000.
LULC map at scale of 1:25,000.
Point data Meteorological station and climate data
(1994 - 2023)
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2.3.1 Elevation

It is well established that elevation is ranked among
the most important factors influencing flood
occurrence. Generally, a higher likelihood of
flooding is associated with low-elevation areas, while
a lower probability is linked to higher elevations [39].
Digital Elevation Models (DEM) are commonly used
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as the source for obtaining elevation data [33].
Therefore, the accuracy of the DEM parameters is
considered essential to ensuring the validity of the
flood susceptibility map [40]. Elevation values
within the study area, ranging from 162 to 595
m.a.s.l., were classified into ten classes using the
natural breaks method (Figure 3(a)).
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Figure 3: Flood conditioning factors; (a) elevation, (b) slope, (c) curvature, (d) SPI, (e) TWI,
(f) distance to stream, (g) geology, (h) soil texture, (i) LULC, and (j) mean annual rainfall
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2.3.2 Slope

The gradient of the terrain plays a significant role in
influencing flood occurrence by affecting the
gravitational force acting on the velocity of surface
runoff. Steep slopes generally enable more rapid
drainage, whereas flatter areas typically exhibit
reduced flow efficiency, thereby increasing the
likelihood of prolonged surface water accumulation
and inundation [27] and [41]. The slope percent map
was generated from the DEM layer using the Surface
tool in ArcGIS. The slope of the study area ranges
from 0 to 68.33%, with a mean of 1.75%, indicating
predominantly gentle topographic features. The slope
was classified into six classes: 0-2% (flat to nearly
flat), 2-5% (gently undulating), 5-12% (undulating),
12-20% (rolling), 20-35% (hilly), and greater than
35% (steep) (Figure 3(b)).

2.3.3 Curvature

Curvature influences water flow dynamics and plays
a significant role in flood occurrence [42]. It was
derived from a DEM using the Curvature tool in
ArcGIS [43] and reclassified into three categories:
concave (negative values), convex (positive values),
and flat (zero) (Figure 3(c)). The study area
comprises 30%, 23%, and 47% of concave, convex,
and flat areas, respectively.

2.3.4 Stream Power Index (SPI)

The SPI, which is influenced by slope and catchment
area, is associated with water flow and sediment
transport and is frequently utilized as a parameter in
flood susceptibility assessments [41] and [44]. The
flow energy and sediment mobilization capacity
within a channel are evaluated using the SPI, which
is calculated from the upslope contributing area and
surface gradient [42], as shown in Equation [45].

SPI = Agtanf
Equation 1

Where A4, denotes the contributing drainage area
(m?m™), and tanp represents the gradient expressed
in degrees at that point [25]. The SPI was calculated
using DEM data as input through the Raster
Calculator tool in ArcGIS and was subsequently
classified into six classes using the natural breaks
method (Figure 3(d)).

2.3.5 Topographic wetness index (TWI)

The TWI is critical for analyzing hydrological
processes and evaluating the influence of topographic
features on surface runoff and water accumulation
within a watershed [46]. Regions characterized by
elevated TWI are typically more susceptible to flood
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inundation, as they signify areas of greater wetness
[46]. The TWI is computed using Equation 2:

TWI:In( A ]
tan

Where Ay and tanf are as previously defined. The
calculation was performed wusing the Raster
Calculator tool in ArcGIS. The TWI was then
classified into six classes using the equal interval
method (Figure 3(¢)).

Equation 2

2.3.6 Distance to stream

It is inherently evident that flood occurrence is
influenced  significantly by  proximity to
watercourses, as flood levels are typically extended
outward from the river channel. Streams with higher
stream orders have larger drainage areas, resulting in
a greater influence on the extent of flood-prone areas
compared to lower-order streams. Flood occurrences
are predominantly observed in areas located in close
proximity to 4th-, Sth-, and 6th-order streams within
the watershed. The classification of stream hierarchy
was conducted based on Strahler’s stream ordering
technique [47]. Adaptive buffering was applied based
on the stream order, allowing buffer zones to vary in
size according to the stream order (Figure 3(f)).

2.3.7 Geology
The geological characteristics of a watershed play a
significant role in the analysis of flood-prone areas,

as each lithological unit possesses distinct
hydrological properties that influence water
permeability and distribution [25]. Regions

characterized by highly permeable soils and resistant
rock formations tend to have lower stream density,
influencing flood dynamics significantly [48].
According to the geological map provided by the
DMR, the geological structure of the Lam Chiang
Krai watershed predominantly consists of
sedimentary rocks from the Cretaceous period,
primarily sandstone and siltstone, which belong to
the Phu Phan, Khok Kruat, and Maha Sarakham
Formations. These formations influence permeability
and water retention, which affect stream density and
flood dynamics. The downstream area is
predominantly characterized by Quaternary alluvial
deposits, which may enhance water accumulation
and increase flood potential due to their lower
permeability and flat topography (Figure 3(g)).

2.3.8 Soil texture

Surface runoff, infiltration, and percolation rates
within an area are greatly influenced by the
characteristics of soil texture, which play a crucial
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role in flood behavior [49]. Fine-textured soils are
more susceptible to flooding and are generally less
effective for groundwater recharge due to their
reduced water infiltration rates. In contrast, coarse-
textured soils, characterized by larger pore spaces,
allow for greater infiltration, thereby decreasing
flood susceptibility compared to finer-grained soils.
This variation in soil texture results in differing
capacities for water absorption across soil types [50].
According to the soil series map provided by the
LDD, the Lam Chiang Krai watershed exhibits the
following soil texture distribution: loamy sand
(13%), sandy loam (36.4%), sandy clay loam (8.9%),
loam (9.1%), silt loam (2%), clay loam (0.1%), silty
clay loam (17.2%), silty clay (0.1%), and clay
(8.4%). Additionally, two categories, water bodies
(1.5%) and built-up areas (3.3%), which were
excluded from the soil texture classification, were
identified as low infiltration capacity areas (Figure

3(h)).

2.3.9 Land Use and Land Cover (LULC)

Surface runoff, sediment transport, and flood
potential within a watershed are markedly affected by
LULC characteristics [51]. Flood susceptibility tends
to decrease in areas covered by dense forest or
healthy vegetation, as the high density enhances
infiltration rates, thereby reducing the likelihood of
flooding [52]. Conversely, urban and built-up areas
with impervious surfaces are more vulnerable to
flooding, as these surfaces limit water infiltration and
contribute to increased surface runoff accumulation.
The dominant LULC types in the study area are field
crops (48.34%), paddy fields (35.41%), and built-up
land (5.66%), with other land use categories
comprising smaller proportions (Figure 3(i)).

2.3.10 Mean annual rainfall

Rainfall serves as a primary hydrometeorological
variable that substantially contributes to the initiation
and severity of flood events [46]. According to data
from the TMD, the Lam Chiang Krai watershed
recorded a minimum annual rainfall of 573.90 mm in
2019 and a maximum of 1,852.40 mm in 2008. The
highest monthly rainfall typically occurs in
September, a period during the late rainy season
when soil saturation has often reached its peak,
thereby increasing the likelihood of flooding. The
mean annual rainfall for this study was calculated
using rainfall records from 1994 to 2023, obtained
from five stations surrounding the study area (Figure
1). Spatial interpolation of rainfall data was carried
out using the Inverse Distance Weighted (IDW)
method to produce a rainfall distribution map [36],
which was subsequently classified into six classes
using the equal interval method (Figure 3(j)).
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2.4 Multicollinearity Analysis

A key factor in selecting independent variables for
analysis is evaluating the extent to which the
variables are independent from one another. In cases
where pairs of factors exhibit high correlations,
multicollinearity may occur, potentially leading to
analytical bias or distortion in the model’s
estimations. Two commonly used indices for
diagnosing multicollinearity are tolerance (TOL) and
the variance inflation factor (VIF) [53]. Tolerance is
defined as the 1-R? value obtained from a regression
in which the independent variable of interest is
regressed on all other independent variables,
excluding the dependent variable. Conversely, the
VIF is calculated as the inverse of the TOL value
[53]. According to established statistical guidelines,
a variable is considered to be affected by
multicollinearity if its TOL value is less than 0.1 and
its VIF is equal to or greater than 5 [32]. Conversely,
thresholds of VIF less than 5 and TOL greater than
0.1 are generally accepted as reflecting an acceptable
level of multicollinearity, suggesting that the
predictor variables exhibit sufficient independence
for reliable regression analysis [54] and [55]. The
VIF and TOL are calculated using Equations 3 and 4
[55]:

VIF, = ;2
1-R
Equation 3
TOL, = 1
VIF,
Equation 4

VIF; is the variance inflation factor value for the
variable x; and R’ is the

determination between x; and all other variables.
TOL; is the tolerance value for the variable x;. A high
VIF value for a given variable is interpreted as an
indication of strong linear association with other
independent variables [55]. The VIF was derived
through the application of the Exploratory
Regression tool available in the Spatial Statistics
toolbox of ArcGIS software.

coefficient of

2.5 Evidential Belief Function (EBF) Model

The Dempster-Shafer theory of evidence is also
referred to as the EBF [56]. This model is primarily
based on the theoretical framework established by
[57] and further developed by [30] and [58]. The EBF
model is grounded in an evidence-based approach, in
which observed evidence is utilized to estimate
probabilities through belief functions. Within this
framework, uncertainty, disbelief, and plausibility
are also assessed, and these components are
integrated to evaluate the likelihood of event
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occurrence [59]. The application of the EBF model
within a GIS environment involves the use of n
spatial data layers associated with flood-related
factors. Each of these layers is considered to
correspond to a specific piece of evidence, denoted
as E; (E;, E>, ..., E;), which contributes to the
evaluation of flood susceptibility. Each spatial data
layer is composed of jth attribute classes, represented
by the symbol E;, which serve as evidence
contributing to the flood susceptibility assessment
[29]. The positive and negative likelihood ratios are
derived from the evidential information based on the
observed evidence [30]. The likelihood ratio A(7))E;
is computed to express the degree of support
provided by the evidence Ej; for the presence of
flooding, as shown in Equation 5 [29]:

N(FNE;)
N(F)
N(Ez./.)—N(FmEI.j)
N(4)-N(F)

ATy, =

Equation 5

Where N(FNE;) represents the count of flood pixels
that intersect with the class Ej. N(F) denotes the
overall number of flood pixels within the study
region, while N(Ej) refers to the number of pixels in
class Ej. N(4) indicates the total pixel count across
the entire study area. The value in the numerator
reflects the proportion of flood pixels associated with
the specific attribute E;, whereas the denominator
corresponds to the proportion of non-flood pixels
within that same class [29]. The belief function (Bel)
is calculated as (Equation 6):
A(T)

PEij

i),

Bel =

Equation 6

The likelihood ratio to quantify the degree to which
the evidence Ej; supports the absence of flooding, as
presented in Equation 7:
N(F)-N(FNE,)
_ N(F)
Moy, = N(4)-N(F)-N(E,)+N(F E,)
ij ij
N(A)-N(F)

Equation 7

Where A(7,) ~ denotes the likelihood ratio

,
supporting the hypothesis of flood absence over its
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occurrence. In the numerator, the proportion of flood-
absent pixels corresponding to the specified attribute
class Ej; is determined, while in the denominator, the
proportion of non-flood pixels across the remaining
attribute classes is evaluated [29]. The disbelief
function (Dis) is calculated as (Equation 8):

Dis = &
S,

Equation 8

The uncertainty (Unc) and plausible (Pls) measures
are computed based on Equation 9 and Equation 10:

Unc = I — Dis — Bel
Equation 9
Pls = 1 — Dis
Equation 10

In a GIS environment, the computation of Bel, Dis,
Unc, and Pls values across all classified units within
each raster layer can be performed by overlaying
maps using the combine function. The number of
flood and non-flood pixels within each class is
counted during this step, and the resulting values can
be exported for further calculations in Excel (Figure
4). The calculated Bel, Dis, Unc, and Pls values are
then assigned to each class of each factor. Dempster’s
Rule of Combination (DRC) has been employed to
overlay spatial layers for the purpose of generating
four integrated EBF maps [19]. Assuming that two
flood-related data layers, referred to as 4 and B, are
considered, the integration is carried out using the
following equations [60]:

Bel — Bel Bel, + Bel Unc, + Bel ,Unc,
) 1- Bel Dis, — Dis ,Bel,
Equation 11

_ Dis ,Dis, + Dis ,Unc, + Dis,Unc,

Dis
1- Bel ,Dis, — Dis ,Bel,

Equation 12
Une Unc ,Unc,

* " 1-Bel Dis, — Dis ,Bel,
Equation 13

EBF maps of each factor are combined pairwise
using DRC, and the resulting output from the initial
combination is subsequently integrated with the next
factor. The output layer is subsequently combined
with another factor, and this process continues until
only a single pair of factors remains [32].
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Layer : Soil Layer : Flood Layer : Soil combined with flood
[ (Loam) \: F (Flood) N Loam with flood
[] 52 (Sandy loam) (S :\\\\ [ 7 (Non-flood) |8 : NN [[]Loam with non-flood
N S| Y Sandy loam with flood
[[]sandy loam with non-flood
EBF
Layer : Soil Class pixels Flood pixels A(T,) A(T,) Belief Disbelief Uncertainty Plausible
Loam (s4) 23 5 0.024 1333 0.413 0.615 -0.029 0.385
Sandy loam (s5) 13 4 0.035 0.833 0.587 0.385 0.029 0.615
Total 36 9 0.059 2.167 1.000 1.000 0.000 1.000

Figure 4: Example of applying the EBF model to calculate values for raster grid cells

Table 2: Multicollinearity analysis for flood conditioning factors

Flood conditioning factor VIF Tolerance
Elevation 4.29 0.23
Slope 2.92 0.34
Curvature 1.72 0.58
SPI 3.16 0.32
TWI 1.76 0.57
Distance to stream 1.22 0.82
Geology 1.89 0.53
Soil texture 1.09 0.92
LULC 1.02 0.98
Mean annual rainfall 2.78 0.36

2.6 Validation

Model accuracy assessment is a necessary step for
indicating both the effectiveness and reliability of the
model within the analytical framework [61]. The
ROC method is widely employed for model
validation, as it offers a quantitative approach to
compare binary reference data with index-based
prediction outputs. An AUC value of 1.0 signifies a
perfect match between the predicted high flood
probability and the actual flood occurrence. In
contrast, a randomly generated flood probability map
results in a diagonal ROC curve, yielding an AUC of
0.5 [34]. Therefore, AUC scores approaching 1.0
reflect strong predictive performance, whereas a
ROC curve falling below the diagonal line indicates
poor predictive accuracy regarding flood occurrence
[1]. In the present study, flood data employed for
model accuracy evaluation were split into two
subsets: 70% of the dataset was allocated for
analyzing the model’s success rate, while the
remaining 30% was reserved for prediction rate
assessment. The ArcSDM, a Python-based ArcGIS
toolbox [62], was utilized in this study to calculate
the AUC.

3. Results and Discussions

3.1 Multicollinearity Analysis

Multicollinearity among the flood conditioning
variables was assessed through the VIF and TOL.

As presented in Table 2, all VIF values remain under
the threshold of 5, and TOL values are above 0.1,
suggesting an absence of serious multicollinearity
issues. Therefore, all selected conditioning factors
were retained for subsequent flood susceptibility
modeling.

3.2 Flood Susceptibility Mapping by EBF model
The likelihood ratio supports the belief that floods
(Equation 5) and the opposite target proposition
(Equation 7) were first computed, and then belief
(Equation 6), disbelief (Equation 8), uncertainty
(Equation 9), and plausible function (Equationl0)
were finally derived. Table 3 shows the result of the
EBF model in the case of each flood conditioning
factor. This study examined flood susceptibility
using the Bel and Pls indicators, derived from the
EBF. For elevation, areas ranging from 162 to 188
meters exhibited the highest flood susceptibility, with
Bel and PIs values of 0.533 and 0.951, respectively.
In contrast, susceptibility decreased in higher
elevation classes, confirming a negative correlation
between elevation and flood likelihood. The low-
lying eastern region of the Lam Chiang Krai
watershed was identified as particularly vulnerable to
flood hazards. Flat areas with slopes ranging from 0
to 2% exhibited the highest flood susceptibility, with
Bel and PlIs values of 0.751 and 0.950, respectively.
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Table 3: Calculated Bel, Dis, Unc, and Pls values for each class within the thematic layers (Cont. next page)

Factor Class (;lass Flood pixels _EBF
pixels Bel Dis Unc Pls
Elevation 162-188 669,315 347,344 0.533 0.049 0.418 0.951
(m) 188-207 669,768 173,660 0.266 0.089 0.645 0.911
207-226 519,889 55,735 0.110 0.111 0.779  0.889
226246 407,304 19,380 0.049 0.114 0.837 0.886
246-267 373,563 11,192 0.031 0.115 0.855 0.885
267-291 197,481 1,697 0.009 0.108 0.883  0.892
291-318 165,016 275 0.002 0.107 0.891 0.893
318-349 103,444 0 0.000 0.104 0.896 0.896
349-445 47,584 0 0.000 0.102 0.898 0.898
445-595 3,927 0 0.000 0.100  0.900 0.900
Slope (%) (-2 (flat to nearly flat) 2,171,271 547,384 0.751 0.050 0.199  0.950
2-5 (gently undulating 870,107 60,372 0.207 0.234  0.559 0.766
5-12 (undulating) 111,688 1,526 0.041 0.185 0.775 0.815
12 — 20 (rolling) 2,142 1 0.001 0.177 0.821 0.823
20 — 35 (hilly) 1,523 0 0.000 0.177 0.823  0.823
> 35 (steep) 560 0 0.000 0.177 0.823  0.823
Curvature Concave (-) 1,127,328 183,784 0.281 0367 0.352 0.633
Convex (+) 994,865 142,051 0.246 0382 0372 0.618
Flat (0) 1,035,098 283,448 0.472 0251 0.276 0.749
SPI -3.89 to -1.05 703 0 0.000 0.169 0.831 0.831
-1.05 to -0.24 156,789 5,233 0.048 0.178 0.774 0.822
-0.24 to0 -0.07 709,536 108,472 0.220 0.181 0.599 0.819
-0.07t0 0.01 1,317,372 354,189 0.387 0.114 0.500 0.886
0.01 t0 0.11 863,741 131,878 0.220 0.185 0.595 0.815
0.11 t0 2.15 109,150 9,511 0.125 0.173  0.702  0.827
TWI 3.97 to 7.52 745,914 71,874 0.052 0.198  0.750 0.802
752t011.07 1,711,472 313,037 0.099 0.178 0.723  0.822
11.07 to 14.62 588,693 187,415 0.172 0.135 0.692 0.865
14.62 to 18.17 89,278 27,911 0.169 0.161 0.670 0.839
18.17 to 21.72 17,789 6,732 0.205 0.164 0.631 0.836
21.72 t0 25.27 4,145 2,314 0.302 0.164 0.533  0.836
Distance to 0to50 477,338 158,273 0.243 0.137 0.621 0.863
i ) 50t0 100 421,407 122,490 0213  0.146  0.641 0.854
100 to 150 365,472 93,240 0.187 0.153  0.660 0.847
15010200 316,900 68,836 0.159 0.159 0.682 0.841
200 0250 282,068 51,178 0.133 0.163 0.705 0.837
>250 1,294,106 115,266 0.065 0.243  0.691 0.757
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Table 3: Calculated Bel, Dis, Unc, and Pls values for each class within the thematic layers (Cont. from
previous page)

Class . EBF
Factor Class . Flood pixels -
pixels Bel Dis Unc Pls
Geology Alluvial deposit
quaternary 1,537,847 538,070 0.739 0.049 0212 0.951
Maha Sarakham
Formation 459,461 44,540 0.205 0.283 0.512  0.717
Khok Kruat
Formation 998,192 26,673 0.056 0.395  0.549  0.605
Phu Phan Formation 161,791 0 0.000 0.273 0.727 0.727
Soil loamy sand 411,872 28,686 0.024  0.101 0.875 0.899
texture sandy loam 1,148,295 125427  0.038  0.119 0.843 0.881
loam 287221 110,964 0.133 0.079 0.788  0.921
silt loam 63,029 5,476 0.030 0.091 0.879  0.909
sandy clay loam 281,816 177,681 0.218 0.066 0.716  0.934
silty clay loam 542,175 38,035 0.024 0.105 0.871 0.895
clay loam 3,219 1,662 0.178 0.089 0.732 0911
silty clay 2,394 285 0.041 0.090 0.869 0.910
clay 266,472 78,477 0.102 0.084 0.814 0.916
built - up area 103,123 24,913 0.083 0.089 0.828 0.911
water 47,674 17,677 0.128 0.088  0.784 0.912
LULC paddy field 1,117,864 447,878 0.120 0.025 0.855 0.975
field crop 1,526,160 50,433 0.010 0.150 0.840 0.850
perennial crop 41,091 1,987 0.015 0.070 0916 0.930
orchard 11,164 1,266 0.034 0.069 0.897 0.931
horticulture 1,871 618 0.099 0.069 0.832 0.931
pasture 12,311 2,141 0.052 0.069 0.879 0.931
aquacultural land 5,571 2,404 0.130 0.069 0.802 0.931
deciduous forest 41,582 1,589 0.011 0.070  0.919  0.930
forest plantation 13,499 563 0.013 0.069 0918 0.931
rangeland 60,681 10,587 0.052 0.069 0.879 0.931
marsh and swamp 39,237 20,410 0.156 0.067 0.777 0.933
built-up land 178,859 31,851 0.053 0.069 0.877 0.931
water body 78,992 21,124 0.080 0.068 0.852 0.932
salt flat 28,409 16,432 0.174 0.067 0.759  0.933
Mean 1,130.96 to 1,144.18 962,383 371,660 0.497 0.085 0.418 0915
1/:;2?;]1 1,144.18 to 1,157.40 582,555 114,696 0254  0.166 0.580 0.834
(mm) 1,157.40 to 1,170.61 757,576 90,153 0.153 0.193  0.654 0.807
1,170.61 to 1,183.83 562,502 27,196 0.062 0.202 0.735 0.798
1,183.83 to 1,197.05 223,149 5,492 0.032 0.181 0.787 0.819
1,197.05 to 1,210.27 69,126 86 0.002 0.172  0.826  0.828
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In contrast, steeper slopes showed a significantly
lower likelihood of flooding due to increased runoff.
For slopes greater than 12%, susceptibility was
negligible, with Bel values reaching 0 in hilly and
steep terrains where no flooding events were
recorded. These findings suggest that gentle slopes
are highly vulnerable to flooding, whereas steep
slopes are far less prone to flood occurrences. In
terms of curvature, flat areas, with Bel and Pls values
0f 0.472 and 0.749, respectively, exhibited a stronger
association with flood occurrence compared to
concave and convex areas. Flat areas with poor
drainage systems exhibit the highest susceptibility to
flooding, while concave areas have a moderate level
of susceptibility. In contrast, convex areas are less
prone to flood hazards due to their well-developed
drainage systems.

The study indicates that flood susceptibility
decreases as elevation increases and slope becomes
steeper, resulting in reduced vulnerability in elevated
and inclined regions compared to low-lying areas.
The significance of terrain curvature was highlighted,
indicating greater flood susceptibility in flat areas
than in concave or convex landscapes, supported by
existing literature [32][61][63] and [64]. Our findings
are consistent with those of previous studies, in
which flat or concave terrains were identified as
having the highest likelihood of flood occurrence.
For SPI, areas with values between -0.07 and 0.01
displayed the highest flood susceptibility (Bel =
0.387, Pls = 0.886), while extreme negative and
positive values showed minimal susceptibility.
Analysis of TWI revealed that areas with values

(a)

High : 0.996

. Low : 0.077

(c)

igh : 0.084

l Low : 0.001
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greater than 21.75 had the highest susceptibility (Bel
= 0.302, PIs = 0.836), indicating the role of moisture
accumulation in flooding. In the case of distance to
streams, a clear trend was observed: areas within 50
meters of streams exhibited the highest flood
susceptibility (Bel = 0.243, PIs = 0.863), which
decreased with greater distances. Regarding geology,
alluvial deposits of the Quaternary period were most
flood-prone (Bel = 0.739, Pls = 0.951), while
formations like Maha Sarakham, Khok Kruat, and
Phu Phan were less susceptible. For soil texture,
sandy clay loam had the highest susceptibility (Bel =
0.218, PIs = 0.934), followed by clay and loam
textures, reflecting  their  water  retention
characteristics. The LULC analysis indicated that
paddy fields were most vulnerable (Bel = 0.120, Pls
= 0.975) due to their low elevation and water
dependency, whereas built-up land, forested areas,
and perennial crops exhibited lower susceptibility.
Finally, for mean annual rainfall, areas with
1,130.96-1,144.18 mm rainfall were highly
susceptible (Bel = 0.497, Pls = 0.915), highlighting
the influence of rainfall distribution on flooding
patterns. Based on the Bel and Pls values of each
layer, it was shown that flood susceptibility was most
strongly correlated with low elevation, gentle slopes,
flat terrain, alluvial deposits, and paddy fields. These
conditions contributed to a higher likelihood of
flooding. All input layers were overlaid and
integrated using Dempster’s rule of combination to
generate the EBF maps: Bel, Dis, Unc, and Pls, as
illustrated in Figure 5.

High : 0.859

. Low : 0.005

High : 0.997

.Low :0.137

Figure 5: Integration results using the EBF model; (a) belief, (b) disbelief, (c) uncertainty, and (d) plausibility
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Figure 7: AUC values of the EBF model; (a) Success rate and (b) Prediction rate

The Bel function values ranged from 0.077 to 0.996,
the Dis function values ranged from 0.005 to 0.859,
the Unc function values ranged from 0.001 to 0.084,
and the PIs function values ranged from 0.137 to
0.997. An inverse relationship was observed between
the Bel and Dis functions, where areas with high Bel
values corresponded to low Dis values. In this study,
the Bel function was used to generate the FSI. The
Bel values were classified into five susceptibility
categories using the geometrical interval method
(Figure 6) as follows: 0.077-0.265 (very low),
0.265-0.687 (low), 0.687—0.875 (moderate), 0.875—
0.959 (high), and 0.959-0.996 (very high). The
results of the EBF model indicated that a large
portion (25.40%) of the study area was located in the
very high susceptibility class, followed by the low
(23.48%), high (20.42%), and moderate (16.33%)

classes, with the smallest area (14.47%) classified as
very low susceptibility.

3.3 Model Accuracy Evaluation

Validation of the flood susceptibility map was
conducted using the ROC-AUC method, based on the
training dataset for success rate and the validation
dataset for prediction rate. The prediction rate was
used as an indicator of the model's effectiveness and
the explanatory power of the influencing factors in
estimating flood occurrences. In this study, the AUC
values of success and prediction rates were 0.778
(Figure 7(a)) and 0.816 (Figure 7(b)), respectively,
indicating that the model was satisfied to create a
flood susceptibility map in the study area. Several
studies have reported similar findings about the
reliability of wusing AUC values for flood
susceptibility mapping.
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For instance, [32] reported AUC values of 0.826 and
0.896 for the success and prediction rates,
respectively, when using the evidential belief
function for flood susceptibility assessment in
Australia. Similarly, [28] achieved an AUC value of
0.879 for prediction rates in their study of flood
susceptibility modeling in India using the evidential
belief function and logistic regression model. The
comparable results across different geographic
locations and modeling techniques suggest the
general applicability of the approach, enhancing its
credibility.

4. Conclusion

Flood susceptibility mapping is a crucial strategy for
flood preparedness. Reliable methods enhance the
usability of flood susceptibility maps for mitigating
flood damage. Building upon this concept, the results
of an extensive investigation into flood vulnerability
assessment within the Lam Chiang Krai watershed,
Nakhon Ratchasima province, Thailand, have been
reported. The first step of the study involved
preparing a flood inventory map, as the effectiveness
of model development depends on historical flood
event data. This study proposes a more accurate
approach by using areal flood pixels instead of
randomly sampling from flood areas. Flood data were
randomly divided into training and validation data.
The inclusion of critical flood conditioning factors
such as elevation, slope, curvature, SPI, TWI,
distance to stream, geology, soil texture, LULC, and
mean annual rainfall allowed for a detailed and
accurate  analysis of flood susceptibility.
Multicollinearity analysis was conducted to ensure
that the selected variables were not redundant. The
combined belief function effectively quantified the
flood susceptibility index, which was subsequently
classified into five distinct susceptibility classes. The
model's performance, validated using the ROC
approach, produced AUC values of 0.778 for success
rates and 0.816 for prediction rates. These results
indicate that the EBF model is robust and satisfactory
for mapping flood susceptibility in the study area.
Overall, this study highlights the efficacy of using the
EBF model in flood susceptibility modeling and
offers a valuable tool for flood risk management and
planning. The findings of this study can support
planners in enhancing flood preparedness and
mitigating the impacts of future flooding events. The
map provides critical information to support land-use
planning by identifying high-risk flood zones where
development should be limited or carefully managed.
It also informs flood mitigation strategies by
prioritizing areas for structural measures such as
drainage improvements and flood barriers, as well as
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non-structural approaches like community awareness
and early warning systems. These applications aim to
reduce flood damage, protect agricultural
productivity, and enhance the resilience of local
communities within the Lam Chiang Krai watershed.
Finally, while the model performed well in this
specific agricultural watershed, its transferability to
areas with different hydrological or socio-
environmental conditions requires further validation.

The EBF model demonstrates several key
strengths in flood susceptibility mapping. Its ability
to effectively integrate multiple sources of spatial
evidence while explicitly managing uncertainty is a
significant advantage, especially in complex and
data-limited environments such as the Lam Chiang
Krai watershed. The method’s probabilistic
framework allows for spatial representation of flood
risk through belief, disbelief, uncertainty, and
plausibility measures, providing more informative
maps than other models. The EBF not only enables
predictive mapping of flood susceptibility zones but
also allows modeling of the degrees of uncertainty in
the predictions. This capability is particularly
valuable for decision-makers, as it provides a more
comprehensive understanding of both the likelihood
of flooding and the confidence level associated with
each prediction. By quantifying uncertainty, the EBF
model helps identify areas where further data
collection or field verification is needed, ultimately
improving the reliability and effectiveness of flood
risk management strategies. When combined with
GIS, the effectiveness of the EBF model is further
enhanced, as GIS enables efficient spatial data
processing, visualization, and management of large
geospatial datasets. This integration supports the
creation of high-resolution flood susceptibility maps
that are essential for local-scale planning and
decision-making. However, the approach is sensitive
to the quality and completeness of input data;
inaccuracies or biases in flood inventory or
conditioning factors could propagate through the
model and affect outcomes.

Future research should focus on integrating the
EBF model with machine learning algorithms to
combine the strengths of probabilistic reasoning and
high predictive performance. A high-accuracy flood
inventory should be developed in future studies.
Additionally, incorporating temporal flood data and
climate change projections could improve the
model’s relevance for long-term planning and
dynamic flood risk assessment. Addressing the
computational complexity of the EBF approach,
particularly for large-scale applications, may be
achieved through the development of automated data
processing tools and optimized workflows.
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