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Abstract. Flash fl oods are one of the most destructive natural disasters, characterized by rapid 
occurrence and high casualty rates due to a lack of preparedness. Mapping susceptibility areas 
to identify fl ash-fl ood-prone zones can be an effective tool for mitigation. Despite various fl ood 
susceptibility mapping methodologies, research on the most suitable statistical approach for Indonesia’s 
unique environmental context remains limited. This study aimed to compare the performance of three 
statistical methods, namely Shannon’s Entropy (SE), Statistical Index (SI) and Frequency Ratio (FR), in 
assessing fl ash fl ood susceptibility. Conducted in the Upper Citarum Watershed, Indonesia, this study 
used geospatial analysis using elevation, slope, curve number, lithology, soil movement, rainfall and 
morphometric parameters of the watershed to analyze fl ash fl ood susceptibility in the study area, 
with morphometric characteristics affecting hydrological processes such as surface runoff and soil 
erosion. The results indicate that the Statistical Index Flash Flood Susceptibility Map (SI FFSM) is the 
most effective model for representing fl ash fl ood susceptibility, achieving the highest AUC values for 
success rate (0.907) and prediction rate (0.933). According to the SI method, the three most infl uential 
parameters driving fl ash fl oods in the research area are elevation, landslides or soil movement, and 
rainfall. The total high and very high fl ash fl ood susceptibility area is 102.29 km2 or 46.95% of 
the study area. The fi ndings of this study will contribute to the development of more-accurate and 
-practical tools for disaster risk assessment and management, both in Indonesia and other regions 
with similar environmental conditions.
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Introduction

Floods are the most common type of natural 
disaster worldwide, causing many casualties and 
property losses (UNISDR 2015). The frequency 

and intensity of fl oods continue to increase due to 
human activities, such as rapid population growth 
and urban development, which directly increase 
the risk of fl ooding (Jain et al. 2022). Among the 
various types of fl oods, fl ash fl oods are the most 
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Costache and Tien Bui 2019; Sarkar and Mondal 
2020). In addition, several flash flood analyses have 
been conducted using SE analysis (Arora et al. 2021; 
Islam et al. 2022) and SI analyses (Cao et al. 2016; 
Tehrany et al. 2019). Comparison between SE, SI 
and Weighting Factor (WF) methods in previous 
studies (Khosravi et al. 2016; Samanta et al. 2018) 
on flash flood disasters showed that the SI method 
produced the best results, with the highest prediction 
and success rates (Khosravi et al. 2016). Meanwhile, 
when comparing the FR and SE methods for flood 
disasters, the FR method showed better validation 
performance than the SE method (Arora et al. 2021). 
However, there is still a gap in understanding the 
comparative efficacy of these methods in various 
real-world conditions, especially in tropical regions 
with complex topography and diverse geological 
characteristics.

Indonesia, located in the tropical zone and 
influenced by the Intertropical Convergence Zone 
(ITCZ), experiences high yearly rainfall. Coupled 
with diverse topography and geology, Indonesia is 
highly vulnerable to flash floods (Aldrian et al. 2005; 
Azmeri et al. 2016). In various parts of Indonesia, 
severe flash floods have resulted in extensive socio-
economic losses, disrupted daily activities and caused 
loss of life. Although various flood susceptibility 
mapping methodologies are available, research that 
focuses on identifying the most appropriate statistical 
approach for the unique environmental context 
of Indonesia is still limited. This study aimed to 
evaluate the performance of three statistical methods, 
namely Shannon’s Entropy (SE), Statistical Index 
(SI) and Frequency Ratio (FR), in assessing flash 
flood susceptibility. By integrating morphometric 
parameters and other conditioning factors such 
as elevation, slope, lithology, rainfall and land use, 
this study attempts to determine the most effective 
method for mapping flash flood susceptibility.

Materials and methods

Study area

The research area is located in the Upper Citarum 
Watershed, part of Cirata Watershed, and has an 
area of 220.19 km2 with an altitude ranging from 
269 to 2,979 m. The Upper Citarum Watershed 

destructive because they occur suddenly, at high 
speed, and in a short time. This condition worsens 
when flash floods occur at night when people are 
resting, causing significant loss of life and property, 
especially to vulnerable groups (Rahman et al. 2016; 
Diakakis et al. 2020). Flash floods are generally 
triggered by extreme rainfall or rain falling on 
saturated soil, which has recently become more 
frequent due to climate change (Sayama et al. 2020; 
Cea and Costabile 2022). Practical mitigation efforts 
are needed to overcome this with a comprehensive 
understanding of flood’s driving factors and 
dynamics, including rainfall-runoff processes, flood 
hydraulics, and discharge estimation (Jehanzaib et al. 
2022). One important implementation is preparing a 
flash flood susceptibility map containing information 
on areas of various susceptibility classes, which can 
be used as a basis for early warning systems and 
disaster preparedness and response strategy planning 
(Mahmood and Rahman 2019).

Many studies have assessed the level of flash 
flood susceptibility of an area using morphometric 
parameters or prioritized sub-watersheds in flash 
flood mitigation strategies (Obeidat et al. 2021; Dutal 
2023). In addition, various other physical parameters, 
such as elevation, slope, soil type, vegetation and 
others, can be used to analyze the potential for flash 
flood hazards. The Flash Flood Potential Index (FFPI) 
is one method used to estimate the potential for flash-
flood-prone areas based on several parameters. This 
method was first applied in the Colorado Watershed, 
United States, using slope, vegetation, soil type and 
land use parameters (Costache and Zaharia 2017). 
Furthermore, FFPI has been modified by integrating 
other methods, including statistical approaches 
(Costache and Tien Bui 2019; Aleksova et al. 2024; 
Mansour et al. 2024). 

In the development of flood hazard assessment, 
many researchers have proposed various models. 
Most of these models focus on hydrological models, 
hydrodynamic models, multicriterion decision 
analysis (MCDA), and bivariate statistical models 
such as Frequency Ratio (FR), Shannon’s Entropy 
(SE), Statistical Index (SI), Weight of Evidence 
(WoE), and Machine Learning (ML) techniques 
integrated with Geographic Information Systems 
(GIS) (Khosravi et al. 2016; Costache and Tien Bui 
2019; Mansour et al. 2024). The FR method is one 
of a popular method used for flood and flash flood 
research (Khosravi et al. 2016; Rahmati et al. 2016; 
Costache and Zaharia 2017; Samanta et al. 2018; 
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Fig. 1. Research area, the Upper Citarum Watershed, Indonesia

is located at 6°43’–7°15’N and 107°30’–108°E. It 
is bordered by Purwakarta and Subang Regencies 
to the north, Cianjur and Garut Regencies to the 
south, Bandung Regency to the west, and Sumedang 
and Garut Regencies to the east. The Citarum 
watershed has three significant reservoirs: Saguling, 
Cirata and Jatiluhur. The Upper Citarum Watershed 
is the water source for the Cianjur Regency area, as 
shown in Figure 1. Cianjur Regency of West Java 
has an area of 26.15 km2 with a population density 
of 6,667 people/km2, and is thus an area with high 
population density (Central Bureau of Statistics –
BPS] of Cianjur Regency 2022). Geographically, the 
Cianjur Regency is divided into three parts, namely 
Northern Cianjur, located at the foot of Mount Gede 
with an altitude of 2,962 meters and a combination 
of mountainous topography, plantations and rice 
fields; Central Cianjur, an area with small hills; and 
Southern Cianjur, a lowland interspersed with small 
hills and mountains extending to the Indonesian 
Ocean. 

Data

Figure 2(a) shows the land use/land cover (LULC) 
in the research area is forest area with 63.48 km2 or 
28.83% of the total area, followed by paddy fields 
of 47.19 km2 (21.44%), settlements of 37.80 km2 

(17.17%), mixed plantation of 26.42 km2 (12.01%), 
dry fields/fields of 22.37 km2 (10.16%), shrubs of 3.49 
km2 (1.58%), rivers of 0.38 km2 (0.17%), open land 
of 0.06 km2 (0.03%), and ponds of 0.05 km2 (0.02%) 
(Department of Public Works and Spatial Planning 
Cianjur 2022). Land cover in the Upper Citarum 
Watershed from 1990 to 2016 underwent changes 
predominantly characterized by increased shares 
for urban development, dryland agriculture and 
plantations. Meanwhile, the area covered by primary 
and secondary forests, mixed forests, orchards and 
rice fields decreased compared to previous years 
(Yulianto et al. 2020). Changes in forest cover area 
are one of the anthropogenic factors that can affect 
the rise and fall of surface flow discharge values, 
which in turn causes the spread of floods in the 
Upper Citarum sub-watershed (Dasanto et al. 2014). 

The soil types in the study area consist of andosol, 
latosol and regosol (Department of Food Crops 
and Horticulture West Java 2024), as illustrated 
in Figure  2(b). Andosol soil is formed by parent 
materials like tuff and intermediate volcanic ash, 
predominantly found in hilly and mountainous 
regions at relatively high elevations. It has a deep 
profile, is rich in organic matter, features rapid 
drainage, and has high permeability (FAO 2015). 
Latosol soil has the largest area in the study area of 
111.16 km2. Latosol soil, which has low permeability, 
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is very susceptible to erosion and can be easily eroded 
by rainfall. Regosol soil is spread in mountainous 
areas with an area of 65.63% (Chaidar et al. 2017). 

The study area consists of twelve rock formations 
dominated by igneous and sedimentary rocks from 
past volcanic activity, as demonstrated in Fig. 2(c). 
There are Alluvium, Old Volcanic Product, G. 
Gegerbentang Basalt Lava Flow, Youngest Lava 
Flow, Breccia and Lava of G. Kencana and G. 
Limo, Older Volcanic Deposits, G. Gede Breccia 
and Lahar Deposits, Lava, Breccia Member of 
Cantayan Fm, Claystone Member of Cantayan Fm, 
Sandstone Member of Cantayan Fm, and Vitrophyres 
(Sudjatmiko 2003). G.Gede Breccia and Lahar 
Deposits Formation is the largest area, with 40.71% 
of all areas that consist of tuffaceous sandstone, 
shale, breccia and conglomerate. This formation also 
formed the Cianjur Plain (Sudjatmiko 2003).

Flooding in the Upper Citarum Watershed is 
one of the flood events in Indonesia that causes 
significant damage and losses. In 2021–1023, flash 
flood events occurred several times in many areas of 
Cianjur Regency. Flash floods and landslides in the 

  

  

 

(a) (b) 

(c) (d) 

Upper Citarum Watershed on March 20, 2023 caused 
seven sub-districts to be affected by flash floods 
and landslides. In addition, the disaster also caused 
losses in the form of damage to many paddy fields, 
roads, bridges, public facilities and worship facilities 
(National Agency for Disaster Countermeasure 2023). 
Poor management of the Citarum watershed has led 
to high levels of erosion, surface runoff, flooding, 
landslides, drought and pollution occurring in the 
watershed area. 

Historical flash flood data are used as the basis 
for this study. Data-driven approaches are common 
and popular approaches used to predict the 
characteristics and locations of flash flood events, 
using statistical analysis and machine learning. The 
quality of research results is determined by the 
amount of historical data available; the more data 
available, the better the results (Wang et al. 2023). 
This research used historical data for 2021–2023 as 
shown in Figure 2(d) from the National Agency for 
Disaster Countermeasure and The Local Agency for 
Disaster Countermeasure Cianjur Regency. There 
are 25 (70%) historical flash flood events used for 

Fig. 2. Data input for Flash Flood Susceptibility Map
(a) LULC; (b) Soil type; (c) Geological data; (d) Flood events in 2021–2023
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analysis starting from 2021–2022, and ten (30%) fl ash 
fl ood events data from 2023 are used for validation. 
Google Earth Pro soft ware is also used to validate the 
coordinate location of fl ash fl ood events. 

Methods

Th e selection of fl ood-causing factors, known as 
conditioning factors, is the most infl uential stage 
in developing the fi nal fl ood vulnerability map 
and has the most infl uence on the accuracy of the 
output map (Kia et al. 2012). Although there is 
still no framework or agreement on how to select 
fl ood conditioning factors, the most relevant and 
frequently used fl ood conditioning factors by other 
researchers were used in this study (Rahmati et al. 
2016; Taherizadeh et al. 2023). Th e driving factors 
for fl ash fl oods can also be determined by analyzing 
hydrological and hydrodynamic processes in the 
watershed (Wang et al. 2023). Th e fl ood conditioning 
factor dataset was compiled using a digital elevation 
model (DEM), slope, curve number, lithology, soil 
movement, rainfall and watershed morphometric 
parameters. Figure 3 shows the methodological fl ow 
chart of this research.

Fig. 3. Research fl owchart, divided into three methods

DEM data were obtained by DEMNAS with 8.33 
m resolution, which was used in this research for 
generated sub-watershed, morphometric analysis and 
slope analysis, and it was used for elevation factors 
in the susceptibility map. Th e elevation parameter 
in research is generated by dividing the DEM into 
fi ve classes equally, as illustrated in Figure 4(a). Th e 
topographic factor, slope, has a considerable impact 
on the occurrence of fl oods (Pradhan 2009).

Steep slopes increase the speed of surface runoff  
and reduce the time available for the soil to absorb 
water. In terms of aspect factors, this parameter 
impacts the rainfall received and the amount of 
sunlight received by an area (Jebur et al. 2014). Th e 
slope factor generated from the DEM using spatial 
analysis in the Arc GIS 10.3 and divided into six 
classes based on modifi ed classes from the United 
States Department of Agriculture (USDA) (Philip 
Schoeneberger et al. 2017). Th e research area is 
dominated by 8–15% slope. Th is slope class covers 
an area of 49.01 km2 or 22.49% of the entire research 
area (Fig. 4b).

Sub-watersheds in the research area were 
processed using ArcGIS 10.3; then, morphometric 
analysis was carried out on each sub-watershed. 
Morphometric classifi cation map is used as one 
parameter for the susceptibility map. Morphometric 
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parameters are used to determine the characteristics 
of sub-watersheds and the response of a watershed to 
flash floods. Morphometric parameter characteristics 
impact the hydrological processes of a watershed like 
surface runoff, soil erosion and sediment transport. 
It is important to understand the morphometric 

characteristics and their control on the pattern 
of a watershed to reduce the risk of flash flood 
hazards within an area (Elsadek and Almaliki 
2024). Morphometrics parameters that have direct 
and inverse influence on hydrologic watersheds are 
listed in Table 1. The highest value has the highest 

Table 1. Morphometric parameters for linear, shape and relief aspect

𝐿𝐿𝑜𝑜 = 1 (2𝐷𝐷𝑑𝑑)⁄
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rank and vice versa. Meanwhile, the lowest value in 
this parameter has the highest rank and vice versa 
(Dutal 2023).

There are three morphometrics parameters used 
in this research, such as linear parameters, shape 
parameters and relief parameters. Each parameter 
can be seen in Table 1. Morphometric characteristics 
such as area, perimeter, stream, stream order, stream 
number and stream length are generated with ArcGIS 
10.3. All of the parameters are calculated by formulas 
in Table 1. After calculation, each parameter in 
morphometrics was sorted and ranked from highest 
to lowest for linear and relief parameters except for 
the length of overland flow and vice versa for shape 
parameters. Rank values from 1 to 126 were divided 
into five classes.

The curve number (CN) parameter was 
processed in ArcGIS 10.3 by soil map data at a scale 
of 1:250,000 from West Java Provincial Government 
website and LULC map from West Java Province 
Government at a scale of 1:50,000. Curve number 

is an empirical surface runoff method developed by 
the Natural Resources Conservation Service (NRCS) 
of USDA, formerly called the Soil Conservation 
Service (SCS). The SCS CN method estimates excess 
rainfall as a function of cumulative rainfall depth, 
soil cover, land use and soil moisture. Curve number 
values in the research area are divided into six CN 
classes, dominated by CN values in the range 71–
80 accounting for 52.23% of area from all research 
areas.

The geology data used in this research were 
obtained from the Geological Map at a 1:100,000 
scale from the Ministry of Energy and Mineral 
Resources website. Classification of igneous and 
sedimentary rocks is based on rock classification 
standards (Travis 1955; Streckeisen 1967; Pettijohn 
1975). Twelve rock formations in the research 
area were reclassified into five classes based on 
the number of flash flood events found in each 
formation, with the highest number of flash flood 
events being the highest class. The formation with 

   

   

 

(a) DEM 

(b) Slope 

(c) Morphometric  

(d) Rainfall 

(e) Soil movement 
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Fig. 4. Parameters for susceptibility map
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the most flash flood events is the Oldest Volcanic 
Products, which consists of breccia and lava. Breccia 
with a composition of pyroxene andesite intercalated 
with andesitic lava. This formation is commonly 
propylitized, surrounded by Breccia and Lahar 
Deposits from G. Gede, and formed large isolated 
hilly hills (Sudjatmiko 2003). 

The soil movement map used in this research 
was obtained from the Land Susceptibility Map at a 
1:50,000 scale from the Center for Volcanology and 
Geological Disaster Mitigation (PVMBG), Ministry 
of Energy and Mineral Resources. The research 
area is divided into five classes based on the map: 
very low, low, moderate, high, and very high. The 
soil movement parameter in determining flood 
vulnerability is the movement of slope-forming 
material (soil, rock, fill material, or a mixture 
thereof) down and out of the slope (Cruden and 
Varnes 1993). 

Rainfall data are obtained from satellite 
images generated by NASA’s Global Precipitation 
Measurement (GPM) – Daily accumulated 
precipitation (combined microwave-IR) estimate – 
Final Run daily 0.1 deg. [GPM GPM_3IMERGDF 
v06] mm. The rainfall data in the research area is 
the average hourly rainfall for one year (2022). These 
rainfall data were analyzed with the IDW method 
in ArcGIS 10.3 and divided into five classes equally. 

All parameters mentioned above were generated 
in raster format with a pixel size of 30 m × 30 m. It 
is important to utilize fast, easy-to-understand and 
accurate methods for flash flood modeling. Statistical 
methods do not have specific requirements regarding 
input data, software, computer capacity, and so on. 
Bivariate Statistic Analysis (BSA) methods, such 
as FR, SI and SE evaluate the impact of each class 
of each conditioning factor on flood occurrence 
(Khosravi et al. 2016; Samanta et al. 2018; Sarkar 
and Mondal 2020).

Frequency Ratio model

The Frequency Ratio (FR) method is end-user-
friendly due to its simplicity and accuracy, and it can 
calculate each factor class based on the vulnerability 
ratio value of a flood (Mansour et al. 2024). Frequency 
Ratio is a simple bivariate statistical analysis that 
is often used for various types of disaster maps, 

such as floods, flash floods, landslides, erosion and 
other mapping, such as groundwater and mineral 
potential (Cao et al. 2016; Tehrany et al. 2019). 
The ability to understand the input, calculation and 
output procedures and the ease of implementation 
in environmental GIS environments makes the 
frequency ratio method an acceptable simplifier for 
vulnerability assessment when sufficient data are 
available (Li et al. 2017). Bonham-Carter, in 1994, 
first introduced the FR technique to represent the 
occurrence of certain features. In the FR model, a 
class with a higher value indicates a greater potential 
of that class for the occurrence of an event (such as 
flash floods, landslides, or groundwater potential). 
The context in this study indicates that a place is 
more susceptible to artificial recharge through the 
Flash Flood Susceptibility Map (FFSM). The FR can 
be calculated as follows:

𝐹𝐹𝐹𝐹 = 𝐴𝐴 𝐵𝐵⁄
𝑀𝑀 𝑁𝑁⁄  

				    \

where FR is the ratio value, A is the number of pixels 
with flash flood location points in each parameter, B 
is the total number of pixels with flash flood location 
points, M is the number of pixels in each class in 
each parameter and N is the total number of pixels 
in the research area. After determining the FR value 
for each parameter, spatial analysis in ArcGIS 10.3 
was carried out using the Spatial Analyst tool and 
Weighted Sum to create an FFSM FR map (Cao et 
al. 2016; Li et al. 2017; Tehrany et al. 2019).

Statistical Index model

The Statistical Index (SI) bivariate statistical method 
was introduced for landslide vulnerability mapping 
(Van Westen 1997). This method requires selecting 
and mapping important parameters and their 
classification into relevant classes, mapping the flood 
inventory, overlaying the flood inventory map with 
each causal factor, determining flood density in each 
parameter class, and calculating weight values.

Statistical Index is one of the least-used methods 
in natural hazard modeling and has never been 
tested in flood vulnerability mapping. The procedure 
for this method is fast and fairly simple, making 
it suitable for natural hazard modeling (Cao et 
al. 2016). The SI weight can be described as the 
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natural logarithm of the presence of flooding in each 
conditioning factor class divided by the total flood 
density in the study area (Bourenane et al. 2015). 
The equation used to calculate the SI weight (Wij) 
(Cao et al. 2016) for each factor is as follows:

Wij = 𝐼𝐼𝐼𝐼 (𝐷𝐷𝑖𝑖𝑖𝑖
𝐷𝐷 ) = In [(𝑁𝑁𝑖𝑖𝑖𝑖

𝑆𝑆𝑖𝑖𝑖𝑖
/ 𝑁𝑁

𝑆𝑆 )]  

 where the weight received for class i of conditioning 
factor j is given by Wij; the flood density in class i of 
conditioning factor j is given by Dij; the total flooding 
within the study area is given by D; the number of 
pixels with flooding in class i of conditioning factor 
j is given by Nij; the total number of pixels in class 
i of conditioning factor j is given by Sij; and N and 
S are, respectively, the total number of flooding and 
the total number of pixels across the study area 
(Cao et al. 2016).

After that, each factor was reclassified using 
the Wij values obtained in ArcGIS 10.3 using the 
Spatial Analyst tool. The reclassified factors were 
added using a raster calculator to generate a 
flood probability index. This method is based on 
the statistical correlation between flood inventory 
maps and the characteristics of various parameters 
(Yalcin 2008). Flood vulnerability mapping is done 
by overlaying different layers. A positive Wij value 
indicates a good and strong relationship between 
the flood class and distribution, so the stronger 
the relationship, the higher the resulting value. A 
negative value for Wij means no relationship exists 
between class and flood occurrence (Cao et al. 2016; 
Tehrany et al. 2019).

Shannon’s Entropy model

The Shannon’s Entropy (SE) analysis was first ex-
pressed by Stephan Boltzmann, and then presented 
quantitatively by Shannon (1948) (Arora et al. 2021; 
Islam et al. 2022). The weight of the SE value can 
indicate which parameters have the most influence 
on flash floods. The weight of the entropy value can 
be calculated using the following equation (Arora et 
al. 2021; Hang et al. 2021; Islam et al. 2022):

(𝐵𝐵/𝐴𝐴)
∑ 𝐵𝐵/𝐴𝐴𝑛𝑛

𝑗𝑗=1

− 1
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 (𝑛𝑛) ∑ 𝑃𝑃𝑖𝑖𝑖𝑖 𝑙𝑙𝑙𝑙 (𝑃𝑃𝑖𝑖𝑖𝑖)𝑛𝑛

𝑗𝑗=1

𝐷𝐷𝑗𝑗
∑ 𝐷𝐷𝑗𝑗

𝑛𝑛
𝑗𝑗=1

(𝐵𝐵/𝐴𝐴)
∑ 𝐵𝐵/𝐴𝐴𝑛𝑛

𝑗𝑗=1

− 1
𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 (𝑛𝑛) ∑ 𝑃𝑃𝑖𝑖𝑖𝑖 𝑙𝑙𝑙𝑙 (𝑃𝑃𝑖𝑖𝑖𝑖)𝑛𝑛

𝑗𝑗=1

𝐷𝐷𝑗𝑗
∑ 𝐷𝐷𝑗𝑗

𝑛𝑛
𝑗𝑗=1

Accuracy assessment

This study used the Area Under the Curve (AUC) 
method to evaluate the efficiency and reliability of 
three flood probability maps derived from the FR, 
SI and SE methods (Tehrany et al. 2013). The AUC 
method is widely used in natural hazard studies 
because it is comprehensive and reasonable and an 
easy-to-understand validation method (Tehrany et 
al. 2019). In the FFPI class, the relative distribution 
of training and validation areas is the first method 
used for result validation and model performance 
assessment. The relative distribution in the training 
area is used to assess model performance, while the 
validation area is used for result validation. This 
method is widely used in studies on the assessment 
of vulnerability to various natural hazards (Hong 
et al. 2018). 

This method starts by arranging the flood 
probability indices in descending order. Then, the 
compiled flood probability index is represented on 
the y-axis as sensitivity and the x-axis as specificity. 
This is followed by overlaying the flood inventory 
on the flood probability index. The presence of 
flood points (training and testing) in each class 
is evaluated, and predictions and success rates 
are obtained. Success rate and prediction are two 
products of the AUC technique. The training and 
testing flood datasets are used to generate success 
rates and predictions. AUC produces a range from 
zero to one. The method is 100% successful if the 
index value (or area under the curve) is equal to 
1, indicating a full model fit; a value equal to 0.5 
indicates a lack of model fit (Mansour et al. 2024). 
The training data, using the 2021–2022 flash flood 
location data of 25 location points, were used to 
analyze the success rate of ROC/AUC. A total of 
ten flash flood location points of 2023 data were 
used to analyze the validation (testing) of ROC/
AUC. The success rate curve was used to analyze 
the model’s ability, and the prediction rate indicates 
the ability of the model to develop flash flood 
mapping (Khosravi et al. 2016). Statistical evaluation 
measures of overall accuracy, specificity, sensitivity, 
positive predictive value (PPV) and negative 
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predictive value (NPV) were applied to measure the 
comparative performance of the models (Bui et al. 
2011). Overall accuracy, sensitivity and specificity 
measure the proportion of training and testing, 
flooded and non-flooded samples that are correctly 
classified. PPV and NPV estimate the probability of 
training and testing dataset samples being correctly 
classified into the flooded class and non-flooded 
class, respectively.

Overall accuracy = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹

′
 

Specificity = 𝑇𝑇𝑇𝑇
𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇 '  

Sensitivity = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹 ′ 

PPV = 𝑇𝑇𝑇𝑇
𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇 ′ 

NPV = 𝑇𝑇𝑇𝑇
𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇 ′ 

where True Positive (TP) and True Negative (TN) 
are the number of samples in the training and 
validation datasets, which are correctly classified 
into the flood and non-flood classes, respectively. 
False Positive (FP) and False Negative (FN) are the 
number of samples in the training and validation 
datasets that were incorrectly classified.

Results and discussion

Morphometric analysis

The value from each morphometrics parameter is 
presented in Figures 5 and 6. Linear parameters used 
in this research were basin area (A), perimeter (P), 
stream order (u), stream number (Nu), stream length 
(Lu), mean stream length (Lsm), stream length ratio 
(RL), stream frequency (Fs), bifurcation ratio (Rb), 
mean bifurcation ratio (Rbm), length of overland 
flow (Lo), rho coefficient (ρ), constant of channel 
maintenance (C), drainage density (Dd) and drainage 
texture (T). The Upper Citarum watershed has 218.07 
km2 of basin area and 1231.70 km perimeter. SB 125 
has the highest value for many parameters, such as 
basin area, perimeter and stream length. SB 124 has 
the lowest value for parameters basin area, perimeter, 
stream order, stream length, mean stream length and 
drainage density. SB 97 has the lowest value for Lo. 

Basin shape (BS), circularity ratio (Rc), compactness 
coefficient (Cc), form factor (Ff), and elongation ratio 
(Re) were used to shape parameters in this research 
area. The lowest value in this parameter has the 
highest rank and vice versa. SB119 has the highest 
rank for Rc and Cc parameters. SB94 has the highest 
rank for the Ff and Re parameters, while SB45 has the 
highest rank for the BS parameter. 

In the relief parameter, the highest value has the 
highest rank and vice versa. The relief parameters used 
in this research are basin relief (Rh), relief ratio (Rr), 
ruggedness number (Rn), and Melton ruggedness 
number (MRn). SB119 has the highest rank for Rc 
and Cc parameters. SB61 has the highest rank for the 
Rr and MRn parameters, while SB43 has the highest 
rank for the Rh parameter and SB49 has the highest 
rank for the Rn parameter. 

The value of morphometric from each SB was 
then summed and ranked from 1 to 126. The ranking 
of 126 is the highest value and has more potential risk 
for flash flood. All the ranks were divided into five 
classes and analyzed for each method. Each class has 
24–26 sub-watersheds. The highest class range from 
morphometric parameters are from ranks 102–126. 
The sub-watersheds with the highest class are SB44, 
SB99, SB105, SB31, SB100, SB2, SB24, SB25, SB90, 
SB95, SB28, SB29, SB6, SB36, SB66, SB59, SB38, SB11, 
SB50, SB60, SB5, SB52, SB48, SB88, SB55 and SB57, 
as illustrated in Fig. 7.

Shannon’s Entropy

Shannon’s entropy analysis results related to flash 
floods are shown in Table 2. The highest score for all 
parameters is elevation, followed by landslide, rainfall, 
slope, morphometry, geology and curve number, with 
scores of 5.63, 4.32, 1.47, 0.59, 0.56, 0.37 and 0.34, 
respectively. These scores showed that the elevation 
parameter is the most influential parameter on flash 
flood events in the research area, based on this 
method, followed by landslide and rainfall parameters. 
Shannon’s Entropy Susceptibility Map was generated 
based on the score of each parameter, as displayed 
in Figure 8. There are five disaster levels from very 
low, low, medium, high, to very high. The high and 
very high classes have an area of 69.28 km2 and 8.57 
km2 or 31.80% and 3.93%, respectively. The class with 
the highest area is the moderate class with an area of 
114.70 km2 or 52.64% of the total area of the Upper 
Citarum Watershed.
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Fig. 7. Morphometric Rank Map

Statistical Index

The results of the Statistical Index analysis are shown 
in Table 2. In the SI method, there are positive and 
negative scores. A class with positive scores means 
that the class has a positive correlation with flash 
floods, while negative scores have no correlation 
with flash floods (Tehrany et al. 2019). A class with 
–2 scores indicates that no flash floods occurred in 
that class. In the elevation parameter, 269–811 has 
the highest score, at 2.45. This score indicates that 
the lower the elevation, the greater the potential 
for flash floods. In the slope parameter, the slope 
percentage classes that have positive scores are 0–3%, 
3–8% and 8–15%, with scores of 0.66, 0.83 and 
0.35, respectively. The highest score is on the gently 
undulating–undulating slope with a value of 3–8%. 
In the geology parameter, the classes with positive 
scores are the Old Volcanic Product Formation and 
Breccia and Lava of G. Kencana and G. Limo with 
scores of 0.29 and 0.70, respectively. The old volcanic 
product formation is Quaternary with lithology in 
the form of pyroxene andesite breccia and andesite 
lava. The Breccia and Lava Formation of G. Kencana 
and G. Limo consists of chunks of andesite breccia, 
andesite lava and andesite tuff (Sudjatmiko 2003). 
In the CN parameter, the SI with positive scores 
are in the CN 71–80 and 81–90 classes with scores 

of 0.20 and 0.08 respectively. In the hourly rainfall 
parameter, there is only one class with a positive 
score, that is 0.347–0.353 mm/hr class with score of 
1.05. In the morphometric parameters of the ranking 
classes 1–26 and 77–101 have positive scores of 0.93 
and 0.31. The SI Flash Flood Susceptibility Map is 
divided into five classes from very high to very low. 
The high and very high classes have an area of 93.06 
km2 and 9.23 km2 or 42.71% and 4.24% respectively. 
The class with the highest area is the high class with 
an area of 93.06 km2 or 42.71% of the total area of 
the Upper Citarum Watershed, as illustrated in Fig. 9. 

Frequency Ratio

The results of the Frequency Ratio analysis related 
to flash floods are shown in Table 2. The higher the 
scores, the greater the influence of the parameter 
on the potential for flash floods. In the elevation 
parameter, 269–811 has the highest score, at 11.60. 
Similarly to the SI results, the potential for flash 
floods is greater at low elevations. In the slope 
parameter, the highest slope percentage class is 3–8% 
slope with a score of 2.30. In the geology parameter, 
the class with the highest score is the Breccia and 
Lava Formation of G. Kencana and G. Limo with 
a score of 1.34. In the CN parameter, the CN 71–
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Fig. 8. Shannon’s Entropy Flash Flood Susceptibility Map

Fig. 9. Statistical Index Flash Flood Susceptibility Map
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Fig. 10. Frequency Ratio Flash Flood Susceptibility Map

80 class has the highest score, at 1.23. In the hourly 
rainfall parameter, the class with the highest score 
is the 0.347–0.353 mm/hr class with a score of 2.85. 
In the morphometry parameter, the ranking class 
1–26 has the highest score, atf 2.53. The FR flash 
floods susceptibility map in Figure 10 contains five 
classes from very high to very low. The high and very 
high classes have areas of 35.34 km2 and 4.62 km2 or 
16.22% and 2.12%, respectively. The class with the 
highest area is the low class with an area of 96.24 
km2 or 44.17% of the total area of the Upper Citarum 
Watershed.

Validation

Model quality and model prediction accuracy were 
checked using ROC curves. Flood vulnerability maps 
for SI, FE and FR were validated through success 
ratio and prediction ratio curves as shown in Fig. 
11. The success ratio results were obtained using a 
training dataset of 71.43% of flood locations (25 flood 
locations from 2021–2022). Prediction accuracy was 
calculated using a testing dataset of 28.57% of flood 
locations (10 flood locations in 2023). A value of 1.0 

indicates the highest accuracy and that the model 
is fully capable of predicting an event without bias 
(Hong et al. 2018; Mansour et al. 2024). Therefore, 
an AUC value close to 1.0 indicates that the model 
is accurate and reliable (Bui et al. 2011; Hong et al. 
2018; Mansour et al. 2024). In this study, the area 
under the curve (AUC) of the success rate of the 
SE, SI and FR models were 0.815, 0.907 and 0.794, 
respectively. The prediction level of each SE, SI and 
FR model has an AUC value of 0.902, 0.933 and 
0.831, respectively. Of the three models, the SI model 
has the highest success rate and prediction rate, or 
closest to 1, at 0.907 and 0.933.

Discussion

Based on the AUC value, the SI FFSM has the best 
map model to represent flash flood susceptibility in 
the research area. The SI method showed the highest 
conformity with real conditions, achieving the 
highest AUC values for both success rate (0.907) and 
prediction rate (0.933). It makes the most suitable 
bivariate statistical method for using morphometric 
parameters in flash flood susceptibility assessment. 
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(a) (b)

Fig. 11. Validation curve of Flash Flood Susceptibility Map in the Upper Citarum Watershed: 
(a) success rate curve; (b) prediction rate

The comparison between bivariate statistical 
methods in many previous studies showed the 
superiority of the SI method compared to other 
methods (Khosravi et al. 2016; Tehrany et al. 2019). 
This may be influenced by the parameters used, the 
area, the location of the watershed and the amount 
of data used. In addition, it is also influenced by the 
class division used. This study uses an “equal” class 
division or the same interval in each class, while in 
several studies the classes are divided based on the 
“natural breaks” method in each class (Cao et al. 
2016). The number of classes is determined based 
on the availability of data and the parameters used 
in the study. In the FR method, the low accuracy is 
also likely due to its simple calculation procedure. 
FR is more applicable in linear feature mapping than 
in mapping complex and non-linear events such as 
flooding (Tehrany et al. 2019).

SI FFSM in this research was combined with 
morphometric analysis in 126 sub-watersheds. SB 
126 has the most flash flood event points with seven 
event points, followed by SB50 with four event 
points. SB126 and SB50 are located on the high and 
very high classes in SI FFSM, as shown in Figure 9. 
SB 126 has the highest stream number value with 
162, while SB50 also has a high class stream number 
value. Stream numbers are influenced by lithology, 
soil characteristics and rainfall. High stream numbers 
influenced the dynamics of river flow processes that 
occur in a short time (Dutal 2023; Mahmood and 
Rahman 2019). SB 97 has the highest Lo ranking 
with 0.04. SB126 also has a high-rank Lo with 

rank 123 (with a Lo value of 0.06). Lo refers to 
the distance water travels across the surface before 
converging into a stream channel. Higher values of 
this distance reduce surface runoff (Bagwan and 
Gavali 2021). A sub-watershed with a higher value 
of the linear parameters has a higher potential risk of 
flash floods, except for length overland flow, because 
the highest area of the watershed has the lowest 
length of overland flow. The size of the watershed 
affected the stream time concentration of runoff, 
which increased the risk of flash floods (Costache et 
al. 2020). SB 126 has a high rank (>100) for many 
linear morphometric parameters, including stream 
number (Nu), stream length (Lu), drainage density 
(Dd), stream frequency (Fs), length of overland flow 
(Lo), and drainage texture (T).

In the shape aspect, SB119 has the highest value 
for the circularity ratio. The form factor has an 
inverse relationship with the elongation ratio. Form 
factor values indicate high discharge with short 
duration; therefore, it can be a parameter to predict 
flow intensity in a watershed (Dutal 2023). 

Basin relief parameters showed the 
geomorphological characteristics of the basin, flood 
patterns, and the amount of sediment volume that can 
be transported in a basin. Basins on very steep slopes 
have high flow velocities and short concentration 
times, causing higher flood peaks (Ogarekpe et 
al. 2022). Increasing basin relief and relief ratio 
values align with the level of flash flood hazard in a 
watershed (Mahmood and Rahman 2019). Model SB 
43 has the highest value for basin relief and SB 61 has 
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the highest value for relief ratio. Areas with high flash 
flood potential have higher relief, drainage density 
and ruggedness number values. This indicates that 
sub-watersheds with high-risk flash flood potential 
have combinations of high ruggedness numbers with 
dense drainage, steep slopes and channel gradients. 
SB 49 has the highest value for Rn, while SB 61 has 
the highest value for MRn. 

The combination of the reclassification results of 
the morphometric ranking map with the flash flood 
location map in Figure 7 shows that the moderate 
class has the most flash flood location points, 
compared to the very high and high classes, even the 
flash flood occurrence points in the very low class are 
more than the high class. SB 126, with seven flash 
flood locations, has a moderate rank morphometrics 
class; SB50, with four flash flood locations, has a high 
morphometrics rank; and SB44, with no flash flood 
event locations, has the highest rank and highest 
class. SB126 is also located in a high zone in SI 
FFSM. There are many different conditions between 
rank and flash flood susceptibility classes. In addition 
to morphometric parameters, other parameters 
affect flash flood disasters, such as elevation, slope, 
rainfall, soil and rock conditions, and vegetation in 
a watershed. SB44 is located near the peak of Mount 
Gede, so it is impossible for flash floods to occur in 
this area. Meanwhile, SB 126 is located in the lowest 
elevation range in the research area, at 269–811 m, so 
flash flood events have more possibility to occur in 
SB126. Morphometric analysis needs to be combined 
with other parameters and other methods so that the 
results of the flash flood disaster vulnerability map 
are close to reality.

The three parameters with the highest SI values 
(>1) in Table 2 are elevation, landslide and rainfall. 
The elevation parameter has the highest value in 
SI FFSM. This means that the elevation parameter 
has the most influence on flash flood disasters in 
the research area. Floods and flash floods generally 
occur at lower altitudes and are unlikely to occur 
on mountain peaks (Tehrany et al. 2013). The 
second parameter with a high value after elevation 
is soil movements or landslides. Flash floods and 
landslides often occur simultaneously and are caused 
by prolonged heavy rainfall on steep mountain 
slopes. Natural landslides formed in river valleys in 
mountainous areas are triggered by intense rainfall, 
which can cause flash floods or debris flows in a 

short time (Luu et al. 2023). The third parameter is 
the average hourly rainfall. Intensive rainfall triggered 
landslides and flash floods in river valleys on the 
mountain slopes. Dam failure is caused by increased 
runoff in the rivers and turned into flash floods with 
high sediment concentrations or debris flow (Luu et 
al. 2023).

Positive values in SI FFSM have a positive 
correlation with flash floods. Based on the SI analysis 
results in Table 2, flash floods in the research area 
occurred at elevations of 266–811 m in gently sloping 
to undulating areas with slope values of 3–8%. Flash 
floods in the research area were also influenced by 
the lithology of andesite breccia, andesite lava and 
andesite tuff rocks in the Breccia and Lava of G. 
Kencana and G. Limo formations and were in a very 
high landslide zone, with curve number values of 71–
80 and average hourly rainfall values for one year of 
0.347–0.353 mm/hour. 

Moreover, climate change significantly impacts 
extreme rainfall and flash flood risk in Indonesia. 
Future events will likely exceed historical records 
in frequency and intensity, especially in densely 
populated areas such as Java (Kurniadi et al. 2024; 
Lubis and Respati 2021). The intensification of 
extreme rainfall events is expected to be more 
pronounced during the rainy season and in areas 
with higher baseline rainfall (Tabari 2020). Frequent 
heavy rainfall and unpredictable changes in rainfall 
patterns, such as erratic timing of the rainy season 
and uneven distribution of rainfall, increase the 
risk of flash floods. These changes disrupt the 
hydrological cycle, often causing prolonged droughts 
followed by heavy rains that flood drainage systems 
and infrastructure (Chen et al. 2023; Wang and Liu 
2023).

In general, the SI method provides the best results 
for flash flood vulnerability maps in this area. Flash 
flood vulnerability maps can show predictions of 
the spatial mapping of flash flood events but cannot 
show information about the temporal probability 
of that disaster. This study used limited flash flood 
data (3 years) and low to medium spatial resolution. 
Therefore, further research can be carried out in 
more detail and incorporate the influence of climate 
change projections and land use changes so that flash 
flood disaster mitigation activities can be carried out 
more optimally.
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Conclusion

The Upper Citarum watershed has experienced flash 
floods multiple times in various areas of Cianjur 
Regency. Mapping flash flood susceptibility areas to 
identify flash-flood-prone zones can be an effective 
mitigation tool. This study has identified the most 
suitable statistical method for using morphometric 
parameters in flash flood susceptibility assessment, 
including SE, SI and FR. The results showed that 
morphometric analysis identified 26 high-risk sub-
watersheds like SB44 and SB99, while the SE method 
highlighted the high and very high areas, covering 
35.73%. The SI method indicated that 42.71% of 
the area had high-risk susceptibility, while the FR 
identified 16.22% as high-risk. The validation results 
showed that the SI method produced conformity 
with actual conditions in the field, with the highest 
AUC value of success rate and prediction rate or 
closest to 1, which are 0.907 and 0.933. The three 
parameters that have the most influence on flash 
floods in the research area based on SI method are 
elevation, landslides or soil movement, and rainfall. 
The characteristics of flash floods in the research 
area based on the SI method are that they occur at 
low elevations with undulating to gentle slopes in 
very high landslide zones, with dominant andesite 
breccia rock lithology and rainfall of average hourly 
rainfall values for one year of 0.347–0.353 mm/hour. 
The characteristics of flash floods in the research 
area based on the SI method are low elevations with 
undulating to gentle slopes in very high landslide 
zones, with dominant andesite breccia rock lithology, 
and rainfall of average hourly rainfall values in 2022 
of 0.347–0.353 mm/hour. The total area of high and 
very high flash flood susceptibility is 102.29 km2, 
or 46.95% of the total research area. The disaster 
susceptibility map with the best results is expected to 
be used as a basis or reference for recommendations 
to the government to make disaster mitigation plans 
in the research area.
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