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Abstract. Flash floods are one type of natural disaster that frequently occurs in Malaysia, 
especially in urban areas. This paper's objective is to develop the flash flood susceptibility 
mapping (FFSM) using weight of evidence (WOE) in the Sungai Pinang catchment. The Sungai 
Pinang catchment is located in the highly urbanised areas of Georgetown. The FFSM was 
developed using six flash flood conditioning factors: elevation, slope, rainfall, land cover, 
distance from the river, and lithology. The study showed that the WOE method is capable of 
producing high accuracy, with a success rate of 0.839 and a validation rate of 0.923 for the 
receiver operating characteristic's area under the curve (AUROC).  

1. Introduction 
Floods are a form of natural disaster that occurs on a regular basis in Malaysia. A flood can result in 
fatalities, environmental devastation, economic upheaval, and property loss. According to the World 
Meteorological Organization (WMO), flooding remains the third most devastating natural disaster, 
taking numerous lives and destroying destruction on infrastructure [1]. Direct and indirect destruction 
can both caused by flooding. Floods have the potential to directly result in the deaths of humans and 
animals, and property destruction. Indirect damage includes ecological changes, disease spread, and 
other implications due to floods [2].  
 According to Singh [3], floods affected roughly 178 million people, and the number of floods 
observed has grown dramatically during the last two decades. This is due to unmanaged development, 
a lack of drainage infrastructure and stream overflow, and extreme rainfall, which can result in flash 
floods in low-lying regions [4]. According to Dewan [5], the Balu River is used as an illustration of 
how development or land opening in low-lying areas has a substantial impact on future floods. This 
unplanned expansion has the potential to significantly increase runoff. Furthermore, because the main 
of Dhaka's urban districts are low-lying plain, elevation plays a crucial effect in the urban’s flood threat. 
[5]. Dewan [5] added that altitudes between 1 and 4 metres are classified as high-hazard, while altitudes  
higher than 9 metres are classified as low-hazard. Individuals who live in low-lying locations or near 
rivers, for example, are in danger of floods. This demonstrates that elevation is a critical factor in 
determining an urban area’s susceptibility to flooding.  
 Thus, the primary purpose of this work is to build the FFSM using the WOE model in accordance 
with six confounding variables: elevation, slope, rainfall, land cover, distance from the river, and 
lithology. To develop the FFSM, the current study will focus on the following objectives: (i) selecting 
flash flood conditioning factors (elevation, slope, rainfall, land cover, distance from the river, and 
lithology); (ii) analysing the correlation between the conditioning factors using a multi-collinearity 
test; (iii) developing the FFSM using WOE models; and (iv) determining model performance using the 
area under the receiver operating characteristic (AUROC) curve.  
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2. Study Area 
The Sungai Pinang runs through Georgetown, the capital city of Penang. It is a developed and densely 
populated area [6]. The catchment of Sungai Pinang is just 3.1 kilometres long and spans an area of 
50.97 kilometres square [7]. The study location is restricted by the longitudes of 100° 14' 26" East and 
100° 20' 48" East, and the latitudes of 5° 26' 50" North and 5° 21' 29" North. Sungai Pinang was chosen 
for developing a flash flood susceptibility map (FFSM) because it is a low-lying area and susceptible 
to flash flooding. This study area is also the largest river catchment area on Penang Island with the 
highest population density. On 4 November 2017, a flash flood struck Penang. According to Davies 
[8], Kepala Batas meteorological station in Penang reported 946 mm of rain between 4 and 6 November 
2017, with 458 mm of that amount falling in only 24 hours on 6 November 2017. The location of the 
study area is presented in Figure 1. 
 

 

Figure 1. Location of study area Sungai Pinang catchment, Penang 

3. Methodology 
Firstly, a flash flood inventory will be created utilising data from the Penang GIS Centre (PEGIS) and 
the Majlis Bandaraya Pulau Pinang (MBPP) report. Based on the report, 110 flash flood points were 
recorded, which will be used in this study to develop FFSM. ArcGIS and Google Earth Pro were used 
to convert the report's inventory data to point data. Following data combination and validation, 70% of 
the entire data set was used for training and 30% for validation. This number is taken from past 
susceptibility mapping experiments, in which 70% of the time was spent on training and 30% on 
validation in the creation of FFSM [9–11].  
 Six conditioning factors were chosen for the analysis of FFSM. These conditioning factors are 
elevation, slope, rainfall, land cover, distance from the river, and lithology. Elevation is a very 
important factor in developing FFSM. Due to the movement of water from higher altitudes to lower 
altitudes areas, lower altitude or ground are prone to flooding. [12]. Flooding is more likely to occur 
in low-lying regions than in higher altitude places [13]. Slope is critical during a flood occurrence. 
When the angle of the slope increases, the infiltration time reduces, resulting in floods [14]. 
Furthermore, slope affects infiltration, drainage density, runoff, and erosion of the soil  [15]. Rainfall 
is the essential component that contributes to the formation of a flood. Due to the common association 
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of flash floods with heavy and rapid rainstorms, rainfall is critical in flash flood prediction [16]. The 
conditioning factor maps for this study are depicted in Figure 2.  
 

 

Figure 2. The conditioning factors of this study. 
  
 Land cover in FFSM is taken into account appropriately, since the dense vegetation and forest 
area coverage result in less surface runoff than developed regions. Land cover has a significant effect 
on runoff's velocity, interception, infiltration, and evapotranspiration [17,18]. Distance from river 
factor calculated in an ArcGIS environment using the Euclidean distance tool. It was revealed that 
decreasing the distance from the river component considerably increases the chances of flooding; 
increasing the distance significantly decreases the probability of flooding [19]. Lithology, the present 
study divided lithology into three groups by utilising a geological map obtained from PEGIS. 
(Unknown class, Acid Intrusive class, and Clay, Silt, and Gravel class). 
 Following the selection of the conditioning factors, multi-collinearity analysis was utilised to 
assess the correlation between them. This method was used by [10,20,21] to analyse the correlation 
between factors. Then, the FFSM will be developed after the analysis of the WOE method. The Wf’s 
values of conditioning factors will be assigned to each raster layer using the raster calculator in ArcGIS 
to develop FFSM. Finally, the FFSM will be analysed using the area under the curve of receiver 
operating characteristic (AUROC) to determine the accuracy of the FFSM. Figure 3 shows the 
flowchart of the methodology. 
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Figure 3. Flowchart of the methodology 
 
 

3.1. Weight of Evidence (WOE) 
In this study, the WOE method is used to compute the weights assigned to each variable category or 
class in relation to flash flood occurrences. As indicated previously by Costache et al. [22], in order to 
derive the WOE coefficients, the positive (W+) and negative (W-) weights must first be computed. 
Positive weights suggest a strong association between a variable category and flash flood spots or 
pixels, whereas negative weights suggest that this spatial relationship does not exist. Weights should 
be computed using equations (1) and (2) [23]: 
 
 

𝑊!
" = ln

𝑃{𝐵|𝐴}
𝑃{𝐵|𝐴̅}

 
(1) 

 
 

𝑊!
# = ln

𝑃{𝐵,|𝐴}
𝑃{𝐵,|𝐴̅}

 
(2) 

 where P denotes the probability of a flash flood occurring and ln represents the natural log. B 
and 𝐵,  are denote the occurrence and non-occurrence of the variable, respectively. A and 𝐴	. represent 
the occurrence and non-occurrence of flash floods [24]. The final WOE (Wf) value given to every 
variable category or class can be obtained as equation (3) [25]: 
 

elevation, slope, rainfall, 
land cover, distance from 
the river, and lithology

Area under the curve of 
receiver operating 

characteristic (AUROC).

Flash Flood Susceptibility Mapping 
(FFSM)

End
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 Wf = Wplus + Wmintotal - Wmin (3) 

 where Wplus indicates the positive weight of a class variable, Wmin represents the negative weight 
of a class independent variable, and Wmintotal denotes the total of all negative weights in an independent 
variable. 
 

3.2. Multi-collinearity Analysis  
When more than two predictor variables in a multiple regression model have a significant linear 
correlation, it is referred to as multi-collinearity in statistics [26]. In this study, multi-collinearity was 
identified using TOL and VIF. SPSS software was used to perform the multi-collinearity analysis. 
Khosravi et al. [27] previously reported that VIF greater than 10 or tolerance below 0.1 shows that 
there is a problem with multi-collinearity among the variables. Equations (4) and (5) were applied to 
determine VIF and TOL: 
 

	
 

𝑇𝑂𝐿 = 1 −	𝑅$% (4) 

	
 𝑉𝐼𝐹 = 	

1
𝑇𝑂𝐿

 
(5) 

 where 𝑅$% represents the coefficient of determination of an explanatory variable’s regression on 
all other explanatory variables [28]. Multi-collinearity analysis is performed using SPSS software. 
 

4. Results and Discussion 

4.1. Multi-collinearity 
Multi-collinearity is often not an issue or problem when the TOL (tolerance) value exceeds 0.1 and the 
VIF (variance inflation factor) number is less than 10 [29]. The TOL and VIF studies of this data set 
revealed no indication of multi-collinearity. The slope factor had the lowest TOL value of 0.322, while 
the distance from river had the greatest TOL value, which was 0.910. The highest VIF value observed 
in this current study is slope (VIF=3.101). The findings suggest that all of the conditioning factors can 
be used to generate the FFSM since their values fall within the specified range (TOL > 0.1 and VIF 
10). Table 1 presents the results of multi-collinearity analysis for this study. 
 

Table 1. Multi-collinearity analysis  

Conditioning factor  
Collinearity Statistics 

TOL VIF 
Elevation 0.452 2.213 

Slope 0.322 3.101 
Land cover 0.533 1.877 

Rainfall 0.522 1.915 
Distance from River 0.910 1.099 

Lithology 0.723 1.384 
 

4.2. Weight of Evidence 
Table 2 shows the spatial relationship between flash flood occurrences and variables using the WOE 
method. The WOE method is used to determine the relationship between flash flood occurrences and 
classes of independent variables. Elevation factor values ranged from 1.40 in class 0-3.231 to 0.93 in 
class 3.231-16.155, 0.44 in class 481.431-823.925, 0.44 in class 80.777-258.486, 0.44 in class 258.486-
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481.431, and -3.08 in class 16.155-80.777. It demonstrates that in the Sungai Pinang basin, the lowest 
elevation class has the largest effect on the occurrence of flash floods.  
 Based on Table 2, the greatest Wf value is 1.46 for the 0-1° slope class, followed by 0.96 for 0°, 
14.20° (-0.66), 25-62° (-0.67), 1-5° (-0.98), and 5-14° (-1.58). The lowest Wf value is -2.96 for the 20–
25° slope class. It demonstrates definitely that the low slope class is more vulnerable to flash floods. 
In terms of land cover, the road and urban classes have the highest weights of 0.97 and 0.88, 
respectively. Two components had a negative impact on flash floods: forest (-0.69) and agriculture (-
0.14). 
 In terms of rainfall, the class 267–287 mm has the greatest Wf value (2.17), making it the sole 
class with a beneficial effect. The fourth class of this conditioning factor (316–330 mm) was discovered 
at a low Wf value of -3.84. The 88.9–129 m class had the greatest influence on the presence of flash 
floods, with a score of 1.028. There were just two classes where this conditioning factor was negative: 
56.6-88.8 m and 88.9-129 m. The remaining classes had negative values, with the lowest being 130–
194 m. The clay, silt, sand, and gravel classes all have a significant impact with 2.80 on flash floods in 
the Sungai Pinang basin. Acid Intrusive had a -1.85 value, whilst Unknown had a 0.24 value. Finally, 
a flash flood susceptibility map will be developed using ArcGIS software, using the WOE weights and 
equation 6: 
 
 

 𝐹𝐹𝑆𝑀!"# = 𝑊𝑜𝐸$%& +	𝑊𝑜𝐸'%"($ +𝑊𝑜𝐸%)*+,"&$- +𝑊𝑜𝐸-).*/)%%
+𝑊𝑜𝐸+.'0-.&$- +𝑊𝑜𝐸%.01"%"23 

(6) 

 
 

Table 2. Weight of Evidence 

Factor Factor classes W+ W- Wf 
Elevation 

 
 
 
  

0 - 3.23 1.16 -0.51 1.40 
3.23 - 16.15 0.78 -0.42 0.93 
16.16 - 80.78 -2.62 0.18 -3.08 
80.78 - 258.49 0.00 0.16 -0.44 
258.49 - 481.43 0.00 0.16 -0.44 
481.43 - 823.93 0.00 0.16 -0.43 

Slope 
 
 
 
 
  

0 1.40 -0.07 0.96 
0 - 1 0.96 -1.02 1.46 
1 - 5 -0.40 0.06 -0.98 
5 - 14 -0.97 0.09 -1.58 
14 - 20 0.00 0.14 -0.66 
20 - 25 -2.32 0.13 -2.96 
25 - 62 0.00 0.15 -0.67 

Land Cover 
 
 
 
  

Urban 0.54 -0.46 0.88 
Low Vegetation 0.35 -0.05 0.27 
Agriculture 0.00 0.02 -0.14 
Water 0.14 0.00 0.01 
Road 0.91 -0.19 0.97 
Forest 0.00 0.56 -0.69 

Rainfall 
 
 
  

267 - 287 1.45 -1.56 2.17 
288 - 299 -0.46 0.09 -1.39 
300-315 0.00 0.21 -1.06 
316-330 -2.78 0.22 -3.84 
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331-364 -2.02 0.19 -3.06 
Distance 

from River 
 
 
 
 
 
  

0–24.2 -0.12 0.02 -0.17 
24.3–56.5 -0.18 0.03 -0.24 
56.6-88.8 0.10 -0.02 0.09 
88.9-129 0.84 -0.22 1.03 
130-194 -0.19 0.02 -0.24 
195-315 -0.02 0.00 -0.06 
316-613 -0.10 0.01 -0.15 
614-2060 0.00 0.12 -0.15 

Lithology 
  

Unknown -0.20 0.00 0.24 
Acid Intrusive -0.93 1.36 -1.85 
Clay, Silt, Sand, and 
Gravel 

1.43 -0.91 2.80 

 
 

 

Figure 4. FFSM developed by WOE method 
 
 
 

 

Figure 5. AUROC of WOE method 
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 Following the development of the map using equation 6, it was divided into five susceptibility 
levels: very low, low, moderate, high, and very high. Figure 4 shows the FFSM using the WOE method. 
The success rate of the WOE method was 0.839, and the validation rate was 0.923. As Hong et al. [30] 
stated that the AUROC value can be divided into five classes, which are 0.5–0.6 (poor), 0.6–0.7 
(average), 0.7–0.8 (good), 0.8–0.9 (very good), and 0.9–1 (excellent). Thus, an AUROC of 0.7 to 0.8 
signifies a reasonable level of performance for the success rate. For the validation rate, it can be 
classified as excellent. The findings indicate that the WOE method can be used to create FFSM for this 
study area. Figure 5 shows the AUROC of the WOE method. 

5. Conclusion 
The WOE method was used in this work to create the FFSM for the Sungai Pinang catchment. The 
study considered six conditioning factors: elevation, slope, land cover, rainfall, distance from the river, 
and lithology. These components could be classified as standard or essential factors. The correlation 
between the conditioning factors was analysed using multi-collinearity analysis. These six conditioning 
factors demonstrate that there is no correlation and can be used to create an FFSM. Based on the FFSM, 
it indicates that the location near the major river of Sungai Pinang is the most vulnerable to flash floods. 
The AUROC of FFSM can be classified as good if it is greater than 0.7. The AUROC results show that 
the FFSM produced by the WOE model demonstrates very good performance for success rate and 
excellent validation rate. Thus, the FFSM of the WOE model can be used to help the local authorities 
manage and prevent flash floods in the study area. It is also important to give information about flash 
flood prone areas for future development and land use planning in the Sungai Pinang catchment areas. 
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