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Abstract: Flooding is an inevitable but natural process that happens over the period of 
time; it not only endangers people’s health, wealth, and assets, but it has also 
a negative impact on a country’s economy. Hence, effective flood management 
is required in order to minimize the influence of flooding on human lives and 
livelihoods. The aim of this research is to use a frequency ratio model (FRM) 
to identify flood-susceptibility areas in the city of Kolhapur. The research 
was conducted in two parts. Initially, field-survey data was used to create 
a flood-inventory map. There were 255 flood locations identified throughout 
the research region; of these, 178 locations (70%) were used for training data, 
and 77 (30%) were used for verification purposes. The spatial database was 
then used; from this, ten flood contributing parameters were generated: slope, 
elevation, rainfall, distance from a river, a stream power index (SPI), a topo-
graphical wetness index (TWI), a topographical roughness index (TRI), a plan 
curvature and profile curvature, and land use/land cover. Finally, an FR model 
database was created for flood-susceptible mapping. The prepared database 
was separated into four flood-susceptibility zones: low susceptibility, medium 
susceptibility, high susceptibility, and very high susceptibility. About 26.08% of 
the land was classified as ‘very high susceptibility,’ while 21.18% was classified 
as ‘high susceptibility.’ The final flood-susceptibility map was verified by using 
the receiver operating characteristic (ROC) curve. The results indicated that the 
method that was used in this study provided accurate results (with a success 
rate of 87%); this indicated an acceptable result for our flood-susceptibility zo-
nation. Local administrations, researchers, and planners will benefit greatly 
from this flood-susceptibility analysis in developing flood-prevention plans.
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1. Introduction

Every year, a significant number of people lose their lives and experience ex-
tensive damage to their properties due to both natural and human-induced calam-
ities such as floods, earthquakes, and landslides [1, 2]. Among these, flooding is 
considered to be one of the most hazardous hydro-meteorological threats world-
wide [3–5]. Flooding poses a grave risk to human lives and causes substantial 
socio- economic devastation [6, 7]. According to the United Nations, there were ap-
proximately 150,061 flood events globally between 1995 and 2015; these resulted 
in around 157,000 deaths and accounted for 11.1% of the total number of fatalities 
that were caused by natural disasters [8]. According to the Central Water Commis-
sion (CWC), India ranks as the world’s second-most-flood-prone country (trailing 
only Bangladesh). Approximately 40 million hectares of land in India are at risk of 
flooding. Each year, an average of 7.6 million hectares of land in India are affected 
by floods. The devastating impact of floods in India is evident from the estimated 
capital damages of about $200 billion and the losses of 92,000 lives between 1953 
and 2009 (as reported by the CWC). Considering that India accounts for nearly 20% 
of the world’s population, the annual loss of life due to floods is significant. During 
the rainy season in India, floods claim the lives of approximately 1,500 people, af-
fecting around 30 million individuals on average [9–11]. The scale of the devastation 
that is caused by flooding highlights the urgent need for effective measures to miti-
gate and manage this calamity in the country.

Even though flooding is a severe natural calamity, preventing it is practical-
ly impossible [12]; thus, flood-susceptibility mapping and flood-vulnerability as-
sessments are required in order to construct management systems for minimizing 
flood vandalism in the future; they are valuable tools for guiding administrations 
and planners to develop suitable flood-management policies [13–15]. Furthermore, 
flooding occurrence rates and frequencies are expected to worsen by 2050 based 
on variations in the climate, changes in land use, and population growth; this will 
potentially result in a $10 billion loss [16, 17, 19–21]. As a result, studies on substan-
tially happening flood modeling at the watershed and regional levels is critically 
needed for flood-prevention measures [6, 21, 22].

Over the past few decades, the utilization of remote sensing (RS) and geograph-
ic information systems (GIS) has gained significant popularity. These technologies 
offer new dimensions to vulnerability analysis and justification by providing precise 
information about a region. The analysis of satellite images on RS and GIS platforms 
has yielded promising results in the development of flood-susceptibility and flood-
risk maps [23, 24]. The integration of RS and GIS creates an ideal environment in 
which various models can be employed and data can be manipulated in order to 
estimate flood susceptibility. This approach leads to more-accurate and more-mean-
ingful results. Consequently, these techniques are being successfully implemented 
worldwide to assess flood susceptibility [13, 25–27].
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Flood-susceptibility analysis involves assessing the likelihood of an area being 
affected by floods. In effect, selecting the essential elements for flood- susceptibility 
assessments is fundamentally crucial in order to obtain accurate results; even if 
one flood-reducing element might be particularly effective in a given area, it might 
not be in other places [14, 28]. There are many causative elements that can effect 
on flood susceptibility; namely, slope and a topographic weightiness index (TWI) 
(which shows the areas and local slope-based hydrologic behaviors of watersheds). 
Therefore, a digital elevation model (DEM) grid cell’s risk of accumulating water 
(inundation) increases with increasing TWI values [29]. A topographic roughness 
index (TRI) is a useful element in flood-susceptibility mapping; it provides measure-
ments of the variations in elevation or terrain ruggedness within a given area (which 
can influence the flow of water during flood events) [13]. In the current research, the 
methodology incorporates ten conditioning elements (which are thoroughly eluci-
dated in the methodological section). These elements have been carefully selected to 
ensure a comprehensive and robust analysis.

Flood-susceptibility and flood-vulnerability mapping can also be done by using 
a different models and techniques. One of the most extensively used and reliable 
methodologies for susceptibility assessment is the frequency ratio (FR) method [30]; 
this is a sort of statistical approach wherein each parameter’s class is given a quantita-
tive score, and its effect on the probability of flooding is evaluated [31, 32]. The FRM 
is grounded in the principle of uniformitarianism, which holds that historical events, 
such as floods or landslides, are likely to recur in similar ways. FR analysis applies 
a binomial statistical approach, allowing precise correlation analysis between two 
variables – typically, one dependent and the other independent [33]. This establishes 
a mathematical relationship between flood frequency and relevant conditioning fac-
tors [15]. An FR value below 1 indicates a weaker relationship, whereas a value above 1 
reflects a stronger correlation [30, 34]. Beyond assessing the correlation between con-
ditioning factors and flood occurrences, FRM facilitates the calculation of a flood sus-
ceptibility index, aiding in the development of flood-hazard maps. Consequently, 
FR, as a data-driven tool, is invaluable for analyzing the correlation between flood 
events and conditioning factors, as well as for effective hazard mapping. This mod-
el works in a GIS-based environment and can generate scientifically accurate flood- 
susceptibility maps [35, 36]. Its advanced tools (like remote sensing and GIS) pro-
vide straightforward ways of making flood-susceptibility maps using the FR model.

Kolhapur and its surrounding villages have been subjected to Panchaganga River 
floods on a regular basis over the past three decades – particularly during each mon-
soon season. The flood of 2005 took the entire city by unpleasant surprise. Being the 
first flood that was faced after ages, it was quite difficult to cope with back then; it took 
time to overcome its effects. However, the city was again hit by floods in 2019 and 2021, 
leading to huge losses of human lives and properties. This gave rise to the need to study 
the floods as well as their causes and consequences; thus, the main objective of this 
research is to create a flood-susceptibility map for Kolhapur and its surrounding areas.
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2. Study Area

The present study region is extended between 16° 37′ and 16° 48′ N latitudes 
and 74° 10′ and 74° 18′ E longitudes which is shown in Figure 1. The study covers 
a total area of 185.69 km2. Kolhapur and its neighboring suburbs are included. The 
Panchaganga River, a tributary of the Krishna, flows through the study region (most-
ly on the northern side). The study region is 546 meters above sea level (m a.s.l.) and 
has a mild climate, with a minimum temperature of 15°C, a maximum temperature 
of 40°C, and an average annual rainfall of 1,043 mm.

Fig. 1. Study area location map with flood points

3. Database and Methodology

In the process of flood-susceptibility mapping for Kolhapur, ten different fac-
tors were selected and integrated using an ArcGIS environment. Table 1 provides 
the detailed specifications and features of the various data sets that were involved. 
The CartoDEM data was utilized to generate a slope map as well as elevation, 
TWI, SPI, a plan curvature, a profile curvature, and a drainage-proximity map (Ta-
ble 1). The Resourcesat LISS-IV image was employed to create the land use/land 
cover (LULC) data, while the Maharain data was utilized to prepare the rainfall 
map. The methodology for generating the flood-susceptibility map can be referred 
to in Figure 2.



Flood-susceptibility Analysis of Kolhapur City Using Frequency Ratio Model 27

Table 1. Detailed database that was used for research

Description of data Format and resolution of data Year of data Data source

Resourcesat LISS-IV satellite image, 5.8 m 2021 NRSC

CartoDEM satellite image, 2.5 m 2020 NRSC

Rainfall point 2013–2020 Maharain.maharashtra.gov.in

Historical flood 
locations point before 2021 satellite image and field 

investigation

Fig. 2. Research methodology

3.1. Flood-inventory Map

Flood-susceptibility mapping relies heavily on scientifically confirmed flood- 
occurrence data from the past, as this plays a crucial role in estimating future 
flood susceptibility and any associated risks [37]. The availability and analysis 
of flood- inventory information are essential components in this process. By study-
ing past flood events, researchers can gain valuable insights into the factors that 
contribute to the flood susceptibility in a given area. This study employed two tech-
niques to collect flood-location data: the DGPS instrument (for the field investiga-
tion), and radar satellite data (for digitizing some flood locations in the ArcGIS en-
vironment). By combining these methods, a flood-inventory map was generated, 
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which contained 255 flood locations (Fig. 1) for the extreme flood events that oc-
curred in 2019 and 2021. This was randomly separated into two parts of training 
and validation data sets for preparing and justifying the flood-susceptibility result.

When allocating flood points to the training and testing data, there was no set of 
standards [38]. The majority of the research was done using 70% of the flood points 
as training data for creating the flood-susceptibility models and 30% as validation 
data for the output model [39, 40]. In this work, 70% of the training points were chosen 
at random for the flood modeling, and 30% of the verification points were chosen at 
random for model verification [33].

3.2. Flood-conditioning Factors
The incidence of floods in a specific location is influenced by a variety of envi-

ronmental and human-made elements. As a result, selecting essential elements for 
a flood-susceptibility assessment is fundamentally crucial in order to obtain an accu-
rate result; even though one flood-reducing element might be particularly effective 
in a given area, it might not necessarily work in other places [14, 28]. For the current 
research, ten conditioning elements were taken into account: slope, elevation, rain-
fall, river proximity, SPI, TWI, TRI, profile curvature, plan curvature, and LULC. 
These ten parameters were chosen because they are important factors that influ-
ence floods in particular areas. The importance of each parameter is explained sepa-
rately below.

Fig. 3. Elevation map Fig. 4. Slope map
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In flood-susceptibility mapping, elevation and slope are essential elements, and 
variations in elevation have an impact on climate features [41]. Surface runoff 
and vertical percolation can be controlled by an area’s slope [42]. Thus, the study 
area’s slope and elevation maps were prepared from the CartoDEM image using 
ArcGIS software (Figs. 3, 4).

Flood susceptibility can be influenced differently by various types of LULCs in 
a location. Forest cover has a detrimental impact on flooding because it promotes 
infiltration, which slows water runoff and recharges the subsurface [33, 43, 44]; on 
the other hand, built-up areas with a lot of surface run-off contribute to flooding. 
Thus, an LULC database was prepared using Recourse Sat-2 LISS-IV data using the 
object-based classification technique (Fig. 5). Flooding and heavy rainfall have a pos-
itive relationship, because surface runoff during heavy rains is a significant factor 
for predicting floods. The study area’s rainfall map was created using the interpola-
tion method (Fig. 6).

Flooding usually occurs near a river’s bank and in low-lying flood plain areas. 
The intensity of a flood is influenced by the proximity of a river; thus, river prox-
imity (or the distance from the main river) was one important element that was 
established through proximity analysis in ArcGIS (Fig. 7). SPI is often employed as 
a flood-conditioning factor; it calculates the erosive potential of runoff and maintains 
terrain stability [13]. SPI shows where soil-conservation efforts have minimized the 

Fig. 5. LULC map Fig. 6. Rainfall map
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erosive effects of surface runoff [45]. An SPI map of the study region (Fig. 8) was 
extracted as a secondary derivative of DEM as per Equation (1) and divided into five 
groups using the spatial analyst tools in ArcGIS:

 SPI tan= α β  (1)

where α indicates the catchment area [m2], and β represents the slope angle [°].

Fig. 7. River proximity map Fig. 8. SPI map

In a floodplain, roughness components like surface variations and inequali-
ties along with vegetation features like plants, shrubs, woods, and stumps can be 
noticed [46]. A topographical roughness index (TRI) assumes a fundamental value 
when modeling a flood plain’s hydrology [47]. The variations in elevation among 
the pixel of a DEM are represented by TRI, which is derived using Equation (2). The 
TRI map of the study region (Fig. 9) was derived using CartoDEM with a 2.5-metre 
resolution:

 00
1TRI ( 2
2

)ijx x = γ ∑ − ⋅   (2)

where xij is the elevation of each nearby cell as compared to a certain cell (0, 0).
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TWI shows an area and the local slope-based hydrologic behavior of water-
sheds; therefore, a DEM grid cell’s risk of accumulating water (inundation) increases 
with increasing TWI values [29]. This indicates the water flow under gravity’s im-
pact and can be used to calculate the quantity of a flow’s accumulation at any site 
in a catchment region [48]. TWI is an extremely effective method for determining 
flood probabilities [23, 28, 32, 33, 49]. As is shown in Equation (3), the TWI map of 
the research region (Fig. 10) was produced in ArcGIS using the map algebra-raster 
calculator tool and divided into six groups:

 TWI ln( tan ) TWI
tan
α

= α − β ⋅ =
β

 (3)

where α indicates the catchment region [m2], and β denotes the angle of the slope [°].

Fig. 9. TRI map Fig. 10. TWI map

The next important flood-conditioning factor is the profile curvature; this con-
trols the acceleration and deceleration of the surface flow, and it is the curvature 
of the ground in the orientation of the gradient [50]. Also, erosional and deposi-
tional processes are affected by the curvature. The research area’s profile-curvature 
map (Fig. 11) was derived using CartoDEM with a 2.5-metre resolution with use 
the spatial analyst tools-surface-curvature tool; a negative value represents a convex 
profile, zero represents a smooth surface, and a positive value denotes concavity in 
the profile curvature. This was classified accordingly into the three classes.
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The next crucial factor is the plan curvature, which refers to the curvature of 
a surface that is perpendicular to the slope’s direction and is connected to a sur-
face flow’s convergence and divergence [50]. The research area’s plan-curvature 
map (Fig. 12) was derived using CartoDEM with a 2.5-metre resolution with use the 
spatial analyst tools-surface-curvature tool; a negative number represents a convex 
profile, zero represents a smooth surface, and positive denotes concavity in the plan 
curvature. This value was classified accordingly to the three classes.

Fig. 11. Profile curvature Fig. 12. Plan curvature

3.3. Frequency Ratio Model (FRM)

FRM is based on the uniformitarianism idea that states that a historical event 
(flood, landslide, etc.) will repeat again in the same manner. FRM is a binomial 
statistical- analysis method that can be used to precisely find the correlation between 
two variables: one dependent, and the other independent [33]. This is a mathematical 
link between flood frequency and a relevant conditioning factor [15]. An FR number 
that is less than 1 suggests a weaker connection, whereas a value that is greater than 1 
indicates a high correlation [34, 51]. Apart from determining the correlation among 
the conditioning factors and incidents of flooding, FRM also helps to calculate a flood- 
susceptibility index and, hence, design a flood-hazard map. Accordingly, the frequency 
ratio model is a data-driven tool that is very useful for calculating the correlations among 
flood incidents and any flood-conditioning variables as well as for hazard mapping.
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Equation (4) was used to determine the final FR values:

 FR ( ) Σ ( ) Σf i f p i p= − − −  (4)

where 𝑓(𝑖) denotes the flood cells for each category of the conditioning factors, 
Σ𝑓 denotes the number of flood cells in total, 𝑝(𝑖) is the number of pixels in each con-
ditioning factor class, and Σ𝑝 denotes the total number of pixels in the research area. 
The frequency ratio is the amount of a flooded area in relation to the overall study 
area with respect to each conditioning factor.

Not only is it a simple approach of analysis, it is a widely employed one as 
well. The values of the terms that were involved in Equation (4) were derived in the 
ArcGIS environment. After computing the FR values for each class, each governing 
factor combined all of the FR values together in order to produce the final output of 
the flood-susceptibility index (FSI) that is represented in the form of a susceptibility 
map. Equation (5) was used to generate the flood-susceptibility index:

 FSI ΣFR=  (5)

Finally, the calculated FSI index is reclassified into four flood-susceptibility 
classes, namely: low, medium, high, and very high susceptibilities.

4. Results and Discussion

There are ten independent variables (known as conditioning factors) that play 
a role in flood-susceptibility mapping [52, 53]. As a result, spatial extent and statis-
tical information for the ten conditioning factors (namely, slope, elevation, rainfall, 
river proximity, SPI, TWI, TRI, profile curvature, plan curvature, and LULC) were 
prepared with their sub-classes (Table 2). The slope of a region determines its flood 
incidences; for example, simple flat plain regions are highly associated with flood-
ing during rainy seasons because the water cannot drain fast on lower-slope areas. 
A slope range of 0–8.76° strengthens flooding, as the FR value is significantly close 
to or greater than one [32]. The slope factor was derived from DEM and classified 
into five categories. In the present research, the outcome exhibits that the first sub-
class of 0–1.5° slopes shows an FR value of more than 1, and the second sub-class of 
slopes (1.50–4.48°) shows an FR value of 0.77. Nearly 70% of floods happen in loca-
tions where the slopes are less than 4.48° (Table 2).

Elevation is one of the most essential flood-control elements. In general, the 
FR value decreases as the height of a region increases. Table 2 shows that the two 
lower elevated classes in the study region (442–467 and 467–476 m) had high FR val-
ues (3.49 and 1.07, respectively); this indicated that low-elevated areas have sig-
nificant risks of flooding. Approximately 41% of the total areas in our study were 
covered by these two sub-classes.
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Table 2. Conditioning parameters of flood-susceptibility mapping through FR model

Sr. 
no.

Description class 
name

Flood 
numbers

Percentage of 
flood numbers 

[%]
Histogram

Percentage 
of histogram 

[%]
FR

Slope [°]

1 0–1.50 93 52.2471 559,480 30.8070 1.6959

2 1.50–4.48 56 31.4606 739,232 40.7049 0.7728

3 4.48–8.76 24 13.4831 407,049 22.4136 0.6015

4 8.76–18.89 5 2.8089 101,220 5.5735 0.5039

5 18.89–49.68 0 0.0000 9,094 0.5007 0.000

Elevation [m]

1 442–467 127 71.3483 375,786 20.4380 3.4909

2 467–476 39 21.9101 375,230 20.4078 1.0736

3 476–490 12 6.7415 364,264 19.8114 0.3402

4 490–522 0 0.0000 369,809 20.1129 0.0000

5 522–660 0 0.0000 353,568 19.2296 0.0000

Rainfall [mm]

1 229.70–268.58 0 0.0000 71,475 3.9192 0.0000

2 268.58–301.35 13 7.3033 251,274 13.7784 0.5300

3 301.35–325.24 9 5.0561 340,752 18.6849 0.2706

4 325.24–346.90 37 20.7865 375,481 20.5892 1.0095

5 346.90–371.34 119 66.8539 784,690 43.0280 1.5537

Distance from river [m]

1 500 97 54.4943 294,790 16.0394 3.3975

2 1,000 55 30.8988 223,765 12.1750 2.5378

3 2,000 24 13.4831 369,761 20.1186 0.6701

4 3,000 2 1.1235 232,778 12.6653 0.0887

5 4,000 0 0.0000 163,056 8.8718 0.0000

6 5,000 0 0.0000 553,755 30.1296 0.0000

Stream power index

1 <1 115 64.6067 909,181 50.0629 1.2905

2 1–4 62 34.8314 901,369 49.6328 0.7017

3 4–12 1 0.5617 2,984 0.1643 3.4191

4 12–51 0 0.0000 1,428 0.0786 0.0000

5 51–110 0 0.0000 1,113 0.0612 0.0000
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Topographic wetness index

1 2.16–5.57 41 23.0337 599,145 32.9912 0.6981

2 5.57–7.12 29 16.2921 461,327 25.4024 0.6413

3 7.12–8.83 35 19.6629 335,956 18.4990 1.0629

4 8.83–10.83 49 27.5280 280,061 15.4212 1.7850

5 10.83–13.71 19 10.6741 110,588 6.0893 1.7529

6 13.71–21.04 5 2.8089 28,998 1.5967 1.7592

Topographic roughness index

1 0.009–0.271 12 6.7415 82,501 4.3924 1.5347

2 0.272–0.367 33 18.5393 246,524 13.1253 1.4124

3 0.368–0.444 38 21.3483 401,525 21.3778 0.9986

4 0.445–0.517 43 24.1573 461,831 24.5886 0.9824

5 0.518–0.594 28 15.7303 380,203 20.2426 0.7770

6 0.595–0.694 18 10.1123 229,716 12.2304 0.8268

7 0.695–0.991 6 3.3707 75,925 4.0423 0.8338

Profile curvature

1 convex 53 29.7752 550,704 29.9515 0.9941

2 flat 73 41.0112 701,471 38.1514 1.0749

3 concave 52 29.2134 586,472 31.8969 0.9158

Plan curvature

1 convex 37 20.7865 405,715 22.0659 0.9420

2 flat 103 57.8651 1012,136 55.0478 1.0511

3 concave 38 21.3483 420,796 22.8861 0.9328

LULC

1 barren land 9 5.0561 270,003 14.5077 0.3485

2 agriculture land 127 71.3483 761,606 40.9224 1.7434

3 forest area 11 6.1797 114,155 6.1337 2.5645

4 built-up area 28 15.7303 680,376 36.5578 0.4302

5 water body 3 1.6853 34,954 1.8781 0.8973

The amount of rainfall is the most important cause of flooding in any location. 
In this research, it can be observed that the last two sub-classes of the rainfall param-
eter (346.90–371.34 and 325.24–346.90 mm) occurred in our study area; for these, the 
FR values were both greater than 1. Conversely, FR values are less than 1 when the rain-
fall amounts are below 325.24 mm (Table 2). Flood severities decrease when further 

Table 2. cont.
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away from a river, while the chance of flooding increases in those regions that are 
close to a river’s edge. As a result, the river proximity factor (Fig. 7) (or the distance 
from a main river, which is an important metric) was generated and reclassified into 
six classes (Table 2). Distances from a river that are within a range of 2,000 to 5,000 m 
(and above) have lower probabilities of flooding, as they show FR values that are 
less than 1; however, distances of 500 to less than 2,000 m have the greatest FR values 
(3.39 and 2.53, respectively), thus indicating the most severe flood-event potential.

As mentioned, the in methodology section, SPI is a flood-conditioning element 
that is frequently utilized; it calculates a runoff’s erosive potential and ensures ter-
rain stability [13, 46]. For the current research, SPI was calculated and reclassified 
into five sub-classes (Table 2). SPI sub-classes less than 1 and 4 through 12 show 
the highest FR values (which leads to higher probabilities of flooding), whereas the 
remaining sub-classes show FR values that are lower than 1 (which means low prob-
abilities of flooding). The SPI map of the study area is shown in Figure 8.

The TWI factor is one of the most essential aspects of future-flood prediction; 
this factor was reclassified into six sub-classes (Fig. 10). The study area’s north- 
center portion observed the highest level of TWI; greater TWI scores indicate great-
er likelihoods of flooding in an area [33]. High FR values (>1.75) can be observed 
in Classes 8.83 through 21.04, and low FR values can be observed in Classes 2.16 
through 7.12 (Table 2). Another key contributing variable for flood events is the 
topographic roughness index (TRI); this is determined by a study basin’s local to-
pography. For the present study, TRI was calculated and reclassified into seven 
sub- classes (Fig. 9); lower TRI values indicate higher flood probabilities. The TRI sub- 
classes of 0.009–0.271 and 0.272–0.367 show the highest FR values (1.53 and 1.41), 
which lead to higher probabilities of flooding.

According to the FR analysis (the correlation among the flood area and the plan 
and profile curvatures), the highest FR values came in flat shapes (1.07 and 1.05), fol-
lowed by convex shapes (0.99 and 0.94); these covered more than 50% of the study re-
gion (hence, the above-mentioned profile and plan-curvature shapes had the highest 
flooding likelihoods). A surface run-off is retained for longer by a flat shape – espe-
cially during heavy rainfalls; as a result, it is more prone to floods as compared to the 
other shapes. The LULC for a region can be useful in detecting flood-prone areas [15]. 
In the current investigation, high FR values could be observed in the forest and agri-
cultural classes (2.56 and 1.74, respectively) (Table 2). These findings confirmed the 
notion that exposed agriculture areas are especially susceptible to flooding.

4.1. Flood-susceptibility Mapping
After producing separate layers of the ten conditioning factors and computing 

their FR values, all of the layers were integrated to create the final flood- susceptibility 
map of the study area by using an overlapping procedure in the ArcGIS. The result-
ing flood map was classified into four susceptibility classes: low, medium, high, and 
very high (Fig. 13).
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According to the findings, 51.69 km2 of land (27.83%) were classified as hav-
ing low flood susceptibilities. This low-flood-susceptibility region could largely be 
found in the higher-altitude regions (which are shown in the southern side of the 
research area in Figure 13). A total of 46.23 km2 (24.89%) of the land was classified 
as medium susceptibility (which is shown as blue in Figure 13). The results showed 
that around 39.34 and 48.43 km2 of land (21.48 and 26.08%, respectively) were seg-
mented as the high- to very-high-susceptibility classes (Table 3); these classes were 
largely concentrated in the research area’s middle north area (shown as yellow and 
red, respectively, in Figure 13). These classes were characterized by low elevations 
and low slope gradients, were closer to the main river, featured higher rainfall po-
tentialities, etc. (which are the essential flood-susceptibility-conditioning factors).

Once a model has been created, it is not scientific to use the model for administra-
tive objectives without first validating its correctness and reliability [54]. As a result, 
it is important to examine the validity of the flood-susceptibility-analysis’ accuracy 
and success rate [55]. The ROC curve was utilized to assess the flood-susceptibility 
map in the research area. This ROC curve method [38, 53] is a fundamental and uni-
versal strategy that uses scientific concepts to appropriately analyze a test.

Fig. 13. Flood-susceptibility map
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Table 3. Flood-susceptibility classes

Sr. no. Flood susceptibility class Area [km2] Area [%]

1 Low 51.69 27.83

2 Medium 46.23 24.89

3 High 39.34 21.18

4 Very high 48.43 26.08

The false positive rate is shown on the x-axis in the ROC curve, while the real 
positive rate is shown on the y-axis. The area under curve (AUC) is used to veri-
fy the accuracy of any model’s forecast. This ROC curve method (38, 53) is really 
a fundamental and universal strategy that uses scientific concepts to appropriate-
ly analyze a test on the AUC values: if the value is less than 0.5, then the model 
is not good for flood mapping; if the value is greater than 0.75, then the model is quite 
good for flood mapping [38, 56, 57]. Figure 14 depicts the ROC curve for the FR mod-
els. Figure 14 clearly indicates that the AUC for the FR model’s flood- susceptibility 
mapping is around 0.878, which corresponds to a prediction accuracy of 87.8%. It is 
simple to see that the model that was used to create the flood- susceptibility map-
ping for this research area was correct and acceptable for predicting flood patterns. 
As a result, the FR model can be considered to be a very valuable tool for flood- 
susceptibility mapping.

Fig. 14. ROC curve
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5. Conclusion

Floods are now regarded as the most devastating calamity on the planet amid 
a variety of geo-environmental hazards and disasters. Flood-susceptibility map-
ping is essential for reducing damaging floods by implementing real solutions. Such 
flood-susceptibility data of this nature is a useful asset for policymakers while imple-
menting accurate land use in flood-prone locations. In this research, the FR model was 
employed to examine the flood-susceptibility zone. Ten flood conditioning parameters 
were generated from geospatial data and utilized as inputs in the FR model to map 
flood-susceptible areas: slope, elevation, rainfall, river proximity, SPI, TWI, TRI, profile 
and plan curvatures, and LULC. A simple random- sampling method was utilized to 
choose 70% of the total number of flood points for the FR model and 30% for verifica-
tion purposes. The finalized flood-susceptibility map was divided into four catego-
ries: low, moderate, high, and very high susceptibility classes. In the study area at the 
lower portion near the river, high- and very- high- susceptibility zones were identified 
(with 21.18 and 26.08% of the lands, respectively). The ROC curve was generated to 
validate the flood-susceptibility map in the research area; through this curve, the 
AUC value was calculated (which showed the prediction accuracy and success rate). 
The AUC value for the FR model’s flood- susceptibility mapping was around 0.878, 
which corresponded to a prediction accuracy of 87.8%. It is simple to see that the model 
that was used to create the flood- susceptibility mapping for this research area was 
correct and acceptable for predicting flood patterns. Thus, the accuracy of the predictor 
variables can have a substantial impact on flood- susceptibility mapping, as the mod-
el’s performance improves as the standard levels of the variables rise. This FR model 
can be applied to other geographic area in order to develop a flood -susceptibility 
map that will benefit future flood-management planners and decision-makers.
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