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Flood is one of the most catastrophic natural hazards worldwide that can easily have 

devastating effects on human lives and property. The frequent occurrence of this 

hazard makes it necessary to develop accurate flood hazard maps for better 

information dissemination and disaster preparedness and mitigation. The proposed 

research work is to analyze the flood susceptibility assessment in a mountainous 

environment. Therefore, this study aims to apply machine learning models (MLM) 

and geographic information systems (GIS) techniques to predict flood hazard areas 

in Ilam province. Two ML algorithms were used for flood susceptibility mapping of 

Ilam province: random forests (RF) and artificial neural networks (ANN). Sixteen 

continuous parameters and different categorical variables were identified to assess 

the correlation between these variables and flood events in the study area and were 

used as inputs to run the two models. A total of 1042 flood and non-flood points 

were randomly selected, 70% and 30% of which were used as training and validation 

datasets. Also, the results of the error rate of the proposed algorithms were 

considered, clearly showing that in the RF model, MAE, which is equal to 0.0889, 

and RMSE equal to 0.1872, have the lowest value, R2, which is equal to 0.8423, has 

the highest value, which performed better compared to the ANN model. The value of 

the research lies in the fact that the proposed models can also be used to assess 

natural disasters such as earthquakes, landslides, etc. In addition, this work makes a 

significant contribution to the efforts to reduce the risk of natural disasters. 

Therefore, it will help to increase environmental sustainability. 
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EXTENDED  ABSTRACT 

INTRODUCTION 
Flooding is one of the most destructive natural disasters in the world due to its severe property 
destruction and loss of life (Zanchetta& Coulibaly, 2020), and causes severe damage to infrastructure 
worldwide every year (Desai et al., 2015). Awareness of the flood phenomenon and its consequences 
is crucial for controlling and reducing flood risk (Marz et al., 2010). Flood susceptibility maps 
facilitate risk management decision-making (Wang et al., 2020). The Niger Basin was assessed using 
three machine learning models and twenty factors. It was found that areas near the river are more 
prone to flooding, and the extreme gradient boosting model performed best (Adeyemi & Komolafe, 
2025). The Ili River Basin was investigated using machine learning models, and about 58.8% of the 
basin is located in flood-prone areas (Zhang et al., 2025). Ilam Province is one of the flood-prone areas 
of the country which can be He pointed out the November 2015 flood and the spring 2019 flood, 
which were unprecedented in the last 100 years and caused widespread destruction of homes and 
urban and rural infrastructure. Despite warnings and precautions, the November 2015 flood claimed 
the lives of several people in late 2019 (Salamati Hormozi et al., 2017). 

 

DATA AND METHODOLOGY  

The method of the present research includes creating a flood inventory map, identifying variables 
affecting floods and multi-lineage detection, validation, and accuracy analysis, or evaluation of flood 
sensitivity maps, etc. The models used to produce flood sensitivity index maps include the random 
forest model and the artificial neural network. The results of machine learning prediction and 

statistical modeling are significantly affected by the accuracy of historical flood location data (Liu et 
al., 2021). Flood-vulnerable areas in this model are divided into two zones based on historical and 
geoenvironmental data (Benkirane et al., 2020). Due to the topography and mountainous nature of the 
region, as well as the lack of Sentinel 1 satellite images at the time of the flood in the area, Google 
Earth Engine software did not perform well. For this reason, and using expert opinions, the Maxent 
model was used to extract flood points. Here, the geographical locations of 424 historical floods were 
taken from the Regional Water Organization of Ilam Province, and the Maxent model was used to 
prepare a flood inventory map. These floods were divided into two groups. The first group included 
70% of the flood data and was used as the training dataset, and the second group included 30% of the 
remaining data and was used as the validation dataset. In addition, 617 flood-free points were 
randomly selected from high-altitude areas with low or no flood probability. In this study, R software 
was used to determine the importance of parameters, and two models, RF and ANN, were 
implemented in the R programming environment. 

 

RESULTS AND DISCUSSION 

16 input layers were entered as independent variables into the modeling process. The importance of all 
factors was determined and is shown in Figure 1. The relevance of each factor for both models was 
assessed using R software. 
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Figure 1: Relative importance of conditioning factors: (a) RF. (b) ANN Source: Authors 

 

Using criteria such as MAE, R-squared, and RMSE, the model results were quantitatively validated 
against the flood inventory map. Table 1. 

Table 1: Accuracy evaluation of the two RF and ANN models for training data through different error 
criteria 

ANN RF Model 
0.2591 0.1872 RMSE 
0.7056 0.8407 R squared 
0.1628 0.0889 MAE 

 

Flood susceptibility maps were generated for both the random forest and artificial neural network 
models. The maps showed a continuous probability scale from 0 to 1. 

Table 2: Flood susceptibility statistics with the RF and ANN models 
Model Flood susceptibility Area (km2) Percentage  (%)  
 
ANN 

High 1958.08 10.2 
Moderate 355.158 1.8 
None/Low 16933.53 88 

 
RF 

High 2687.99  13.9 
Moderate 4460.82    23.2 
None/Low 12097.98   62.9 

 

CONCLUSION  

The random forest and artificial neural network models were built using a spatial database, whose data 
includes 16 topographic and geoenvironmental factors affecting floods and 1041 previous flood 
events. The experiments did not show evidence of multicollinearity between the identified 
conditioning factors. The validation findings showed that the two models performed significantly 
better. However, RF was more efficient than ANN in terms of computational efficiency, prediction 
accuracy, and other evaluation criteria. This was shown by the value of R2 = 0.8407. This is because 
training the model with RF requires less execution time. The identification of key factors such as land 
use, elevation, and topographic wetness index (TWI) has enhanced the understanding of flood 
dynamics in the study area, and the results also showed that approximately 10.2% to 13.9% of the total 
area is highly vulnerable to flooding. 
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 H��#2: X.&�� ,3& �%� �W ���� ) ���
-%�1    

�%Y>� 

VIF  $��Z

��W  

�� 
TWI 78/1  561/0  

NDMI 26/1  790/0 

NDVI 48/1  677/0 

Rain 37/1  727/0 

Slope 97/1  506/0 

Soil 21/2  451/0 

SPI 6/1  623/0 

TRI 23/1  813/0 

aspect 02/1  978/0 

Curvature 36/1  733/0 

distance_r 31/1  764/0 

drainage_n 19/1  837/0 

elvation 81/3  262/0 

FlowDirect 03/1  972/0 

geology 03/1  970/0 

lulc 48/1  675/0 
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4 Choubin 
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6 Lee 
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11 Teegavarapu 
12 Verma 
13 Bera 
14 Kazakis 
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2 Normalized difference vegetation index 
3 Amadio 
4 Fayne 
5 Mohajane 
6 Topographic Wetness Index 
7 Pourali 
8 Winzeler 
9 Normalized difference moisture index 
10 Sahu & Bengal 
11 Topographic roughenss index 
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