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Abstract.  
 
Floods are an extensive and destructive natural occurrence that has an influence on agriculture, the environment, 
and the economy in addition to destroying property and human lives. Therefore, in order to minimize and limit 
damage, it is essential to identify sensitive zones using flood susceptibility mapping (FSM).This article shows 
the employment of ensemble machine learning model named as Light Gradient Boosting Machine (LightGBM) 
for categorization of flood-prone regions of the Chikkamagaluru district in India. Eight elements were utilized to 

-

-
-

found to function well with an AUC score of 0.9666. 
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1. INTRODUCTION 
Effective disaster risk management depends mostly on flood susceptibility mapping, especially in areas like 

Chikkamagaluru, India, vulnerable to floods because of complicated topography and hydrological processes. 
Although total flood management is still unattainable, flood susceptibility maps (FSMs) provide priceless 
information for handling pre- and post-flood situations in face of both natural and human-induced obstacles. 
Coupled with the always rising global population, more frequent and severe downpour events brought on by 
climate change further increase flood hazards, maybe affecting millions of people. 

In order to meet this urgent demand, this research investigates the creation of FSMs using a multi-criteria 
decision support system designed specifically for the South Indian area of Chikkamagaluru. By using ensemble 
machine learning, the research seeks to improve the precision of flood forecasts and identify regions that are 
vulnerable to floods. A strong flood risk map will be produced by using information gain theory to track down 

 

analyzed as part of the study process. Historical flood data is included to train and verify the FSM model. Using 
the AUC-ROC approach and confusion matrix parameters, the algorithms' efficacy in producing FSMs will be 
thoroughly assessed. 

1.1. THE PROBLEM OF FLOODS AND THE OBJECTIVE 
Coastal position, urbanization, and changing rainfall patterns are complex interplaying elements that 

traditional flood susceptibility mapping in Chikkamagaluru District fails to represent due to inadequate data. 
Inaccurate flood maps are a result of these restrictions, which makes it harder to effectively plan for floods and 
manage risk.The recent floods in Chikkamagaluru have brought attention to the critical need for better flood 
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forecast. In order to direct focused mitigation activities, current maps are not precise enough.Because floods are 
dynamic events affected by the strength and length of rainfall, traditional approaches have a hard time 
accounting for this fact and integrating varied geographical data (soil characteristics, land cover, drainage)[5]. 
Furthermore, they are ill-equipped to deal with the shifting ecosystems that are a direct result of global warming. 

Our study aims to use ensemble machine learning to create a Flood Vlulnerability Map for 

ensemble machine learning techniques. Various Flood Conditioning Factors (FCFs) have been explored for the 
production of the final FSMs. 

 
1.2. ORGANIZATION OF THIS ARTICLE  

An overview of the literature on the different methods for creating FSMs and their associated accuracy is 

outlines the future scope for study. 

 
2. LITERATURE REVIEW  

predicting floods are essential for reducing these effects. This study looks at the research on mapping flood risk 
using Geographic Information System (GIS) and multi-criteria  analysis. Because GIS makes it possible to 
create and analyze spatial data on flood-conditioning factors, it is essential to flood susceptibility mapping. 
Flood susceptibility is evaluated by integrating these aspects using multi-criteria analysis methodologies. 
Choosing the right flood-conditioning elements is essential. Topography (slope, elevation)[3], hydrology 

factors[18]. Research places a strong emphasis on choosing parameters based on the data's availability and the 
research location. 

Flood susceptibility mapping is done using a variety of approaches. These models evaluate how individual 
flood-

 

offering insights into the magnitude of flooding and the presence of water [1]. For increased transparency and 
interpretability, research is looking at new strategies including Artificial Neural Network - Synthetic Minority 
Oversampling Technique (ANN-SMOTE)[19] and Alternating decision  tree(ADT) classifiers [4].  

[2], [9] highlight the usage of AHP in the construction of FSM. [14] illustrates how FR and other statistical 
models are used. Table 1 illustrates how flood risk is mapped using machine learning and other techniques in 
[4], [6], [7], [15], and [19].Analytic network process (ANP) and spatial analysis are discussed in [5], [12]. State-
of-the-art FSM production uses a variety of soft-computing approaches, which are summarized in Table 1. 
Additionally, the table displays the evaluation parameters that were used to create and validate the FSMs.  

Chikkamagaluru, an area in India that is prone to flooding. 
 

3. METHODOLOGY 
This part explains the methods used for the building of the FSM of Chikkamagaluru. As shown in Figure 1, 

 
To produce the FIM and FCFs of Chikkamagaluru district, data is gathered from a variety of field study 
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surface's rise or fall, "Aspect" is the degree of orientation of the slope, with 0 representing north, 90 east, 180 

-

-

location.  

 
Figure 1: FIM and FCF creation 

 
In order to acquire the data points, each of these thematic maps is compared to the others. The historical 

flood information is in the FIM. This is superimposed on top of the FCF maps, resulting in a thorough dataset 
for testing and training.  

The use of these two maps, the FIM and FCF, in the final FSM generation is shown Figure 2. 

 
Fig. 2. Creation of FSM 
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The ensemble machine learning algorithm named LightGBM [20] receives the FIM and FCF as inputs, and 
outputs the FSM. Metaheuristics (which were not used in our research) may or may not be utilized to adjust the 
machine learning algorithm for weights. Following model creation, validation is performed and final AUC-ROC 
scores are produced. 

Ref 

No. 

Algorithms / techniques used Evaluation 
Parameters 

Parameter 
values 

Region No. of 
FCFs used 

[6] Multi Criteria Decision Analysis 
(MCDA) 

AUC-ROC 0.8724 Dodoma region, central 
Tanzania 

7 

[7] 
Logistic Regression (LR 

AUC-ROC 
0.901 Mersin, Turkey 

 

12 

[13]  
 

AUC-ROC 0.87 

 

Bagmati basin, Bihar 

 

12 

[17] Random Forest (RF)  
 

AUC-ROC 0.956 The Bâsca Chiojdului 
river basin, Romania 

10 

[8] 
Ensemble Artificial neural network 

(ANN) 
AUC-ROC 

0.936 Eastern Mediterranean 
basin, Türkiye 

 

12 

[1] 
RF)  

( 
 

 
XGBoost(  

AUC-ROC 
0.807 

0.780 

 

0.756 

0.727 

The Metlili watershed,  
Morocco 

12 

[4] 
 

 
 

   

Quadratic discriminant analysis (QDA) 

AUC 
0.972 

0.959 

0.956 

0.95 

0.95 

Tafresh Watershed, Iran 

 

8 

[12] 
 

 
 

Multi-  

AUC 
0.921 

0.920 

0.936 

0.956 

Gembong Pekalen 
basin, Indonesia 

 

11 

[2] 
K-Star (KS) algorithm 

K-Nearest Neighbor(KNN) 
KNN AHP   

KS AHP 

AUC 
0.887 

0.852 

0.896 

0.878 

Prahova river basin, 
Romania 

10 

[3] 
 

 
  

 
  

AUC  
0.928 

0.925 

0.909 

0.923 

0.913 

North-east depression, 

Bangladesh 

11 

[19] 
- 

-
 

AHP 
 

AUC-ROC 
0.902 

 

 

0.650 

0.472 

Ontario, Canada 6 

[15] 
AHP 

AUC 
0.812 Kathmandu 

metropolitan city  
6 
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Table 1. Literature Review 
 

 
 

Fig. 3. FCFs generated for Chikkamagaluru 

[16] 
Galactic swarm optimization (GSO) 

Adagrad (Adaptive Gradient) 
Adaptive Moment Estimation (Adam) 

AUC 
0.887 

0.900 

0.882 

Ha Giang, Vietnam 11 

[18] 
support vector regression (SVR) 
  SVR-bat algorithm (SVR-BA)  

SVR-invasive weed optimization (SVR-
IWO) 

SVR-firefly algorithm (SVR-FA) 

AUROC 
0.77 

0.79 

0.80 

 

0.81 

Ahwaz , Iran 11 
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Fig. 4. Final FSM generated for Chikkamagaluru using LightGBM 

 

 

Fig. 5. AUC-ROC analysis of LightGBM model 

4. RESULTS AND DISCUSSION  
Figure 3 displays the several FCFs that have been produced using the previously discussed methodology. 

Figure 4 displays the final FSM produced by the LightGBM technique. 

find the best leaf split. Data must be categorized into histograms (bins) in order to identify the splitting point. 
This approach works with bins instead of individual data points, which drastically reduces the algorithm's 
temporal complexity. Figure 5 displays the AUC-ROC curves for the ensemble machine learning technique. The 
results of the AUC-ROC curve demonstrate how effectively the LightGBM algorithm works with the provided 
spatial data. Therefore, the LightGBM-based statistical assessment was shown to be accurate and successful in 
flood forecast in the current research. 

In Chikkamagaluru, flooding is seen as a common threat that has severely damaged infrastructure, 
agricultural grounds, and human lives. However, because of a lack of data and other obstacles, a thorough 
evaluation of this danger has not yet been carried out in the research region. Therefore, LightGBM was used to 
map and evaluate this risk.The final FSM demonstrates that the areas most vulnerable to floods are those around 
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the main waterbodies, or drainage networks. In order to adopt appropriate management strategies, planners and 
other government organizations may find the resulting FSM helpful in ascertaining flood-prone areas. The 
results will help with sustainable land management initiatives. 

 
 

5. CONCLUSION AND FUTURE SCOPE 
Flooding is an extensive disaster causing damage and loss of life. The ability of government officials to 

anticipate floods based on a variety of indicators is crucial for reducing the danger to property and human lives. 
One method for doing this is to use pre-conditioning factors, or FCFs, to generate FSMs for an area. This article 
described how an FSM for the Indian district of Chikkamagaluru was created using the ensemble machine 
learning approach. The FSM with the best AUC score of 0.9666 was produced using the LightGBM algorithm, 
it was found. A very high precision of the FSM would result in maximum safety with increased LightGBM 
performance, taken into consideration in detail since the maps' spatial resolution is 30m. 

-tuning the 
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