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Abstract: - The current paper investigates the possibility of flood risk prediction with machine learning 
methods. Global warming due to climate change contributes to the increase in the frequency of flooding events, 
which are a significant consequence of the climate crisis. Floods are caused by a combination of natural factors 
(such as heavy rainfall and geomorphology) and human activities, with urbanization being the most significant 
among them. Their impacts extend to many sectors, such as the economy, the environment, infrastructure, and 
public health. The current study aims to develop a reliable flood risk prediction system using machine learning 
techniques. The analysis is based on meteorological, hydrological, geographical, socio-economic and historical 
flood data from regions of India. Early flood forecasting can contribute substantially to taking preventive 
measures and mitigating their impacts. 
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1 Introduction 
Climate change is a global phenomenon that is 
increasingly making its presence felt in people's 
daily lives and is expected to become even more 
intense and frequent. However, over time, actions 
have been taken to address it. Initially, in 1988, the 
establishment of the Intergovernmental Panel on 
Climate Change (IPCC) by the World 
Meteorological Organization (WMO) and the 
United Nations Environment Programme (UNEP), 
marked the global recognition of the problem and 
the formulation of policy action [1] In 1997, the 
Kyoto Protocol was adopted, aiming to reduce 
greenhouse gas emissions by industrialized 
countries [2]. Then, in 2015, the Paris Agreement 
was signed to limit global warming to below 1.5 ºC 
compared to pre-industrial levels [3]. Finally, by 
2030, global emissions are expected to be reduced 
by 43%, according to the projections and targets of 
the United Nations Framework Convention on 
Climate Change (UNFCCC) and the 
Intergovernmental Panel on Climate Change 
(IPCC), with the aim of limiting temperature rise to 
below 1.5 ºC [4]. 

Although the impacts of climate change are felt 
in various sectors, such as health and agriculture, the 
scientific community has paid particular attention to 
environmental consequences, with an emphasis on 
the increasing frequency and intensity of flooding 
events [5]. This is because global warming affects 
the water cycle, increasing evaporation, intensifying 

rainfall, and contributing to river and dam overflows 
[6], [7]. Floods are classified, based on their origin 
and the weather and/or geographic conditions that 
cause them, into river floods, flash floods, coastal 
floods, storm surges and inland floods [8]. 

The causes of floods arise from both natural and 
anthropogenic factors. Natural parameters include 
intense and prolonged rainfall, the geomorphology 
of the area (altitude, land slope, proximity to rivers 
or seas), snowfall and rapid ice melting, as well as 
seismic, volcanic and geological phenomena related 
to erosion and instability [9], [10], [11], [12], [13], 
[14], [15]. Similarly, anthropogenic factors consist 
of extensive urbanization, uncontrolled construction, 
inadequate maintenance of dams and hydraulic 
infrastructure, as well as deforestation, which 
reduces the soil’s capacity to absorb and retain 
water [16], [17], [18]. 

Floods have severe impacts on various sectors. 
Economically, they cause extensive damage to 
critical infrastructure and equipment, increasing the 
financial burden of recovery for those affected [19]. 
Environmentally, they contribute to soil subsidence, 
sediment transport, and the destruction of vegetation 
[20]. In terms of health, they pose risks such as 
drowning, injuries, and the spread of diseases [21], 
while socially, they negatively affect mental health 
due to the loss of shelter, with subsequent financial 
insecurity [22]. Finally, they cause significant 
damage to transportation systems and other critical 
infrastructure [23]. 
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Therefore, floods cause serious impacts across 
many aspects of life and the implementation of 
effective prevention measures is essential. 
Consequently, the construction of flood protection 
infrastructure is imperative, both in areas that have 
already been affected and in regions vulnerable due 
to climate change. Key projects and interventions 
that can be implemented include the construction 
and upgrading of dams, storage tanks and levees 
[24], as well as the enhancement of forecasting and 
early warning mechanisms through technologies, 
such as the aquaFLOOD platform, local warning 
systems in India, the Soil and Water Assessment 
Tool (SWAT) model, etc. [25], [26], [27]. 
Furthermore, constructing green roofs with plants 
and soil, along with using permeable pavements, 
helps in retaining rainfall, promotes its infiltration 
into the soil and reduces surface runoff [28]. 
Regular cleaning of drains and sewage systems is 
also a critical preventive measure [29], as is the 
revision of urban planning to avoid construction in 
high-risk areas [30]. Finally, sustainable flood 
management requires international cooperation to 
reduce carbon dioxide emissions and address 
climate change. 

In addition to preventive measures and 
infrastructure interventions, the forecasting of flood 
events through advanced computational models 
constitutes a critical tool in flood management. The 
development and implementation of such predictive 
models allows for the early identification of risks 
and helps authorities to design and implement 
strategies that mitigate or eliminate the impacts. The 
accuracy of forecasts is enhanced by analyzing the 
parameters that affect the occurrence of floods, 
combined with modern machine learning techniques 
[31]. However, despite technological progress, it 
must be taken into account that unpredictable 
factors may affect the accuracy of predictions. 

Thus, the present study aims to evaluate and 
compare the effectiveness of various machine 
learning algorithms for predicting flood events in 
different regions of India. In contrast to previous 
studies that focus exclusively on hydrological and 
meteorological features, this study incorporates 
socio-economic and infrastructural factors, offering 
a more comprehensive approach. This methodology 
contributes to a better understanding of the model 
results and supports informed decision-making for 
effective flood risk management. By using data 
from these specific regions, the current research 
aims to identify the most accurate and reliable 
models to enhance early warning systems and 
improve overall flood risk management. 
 

 

2 Description of the dataset 
The dataset used for developing flood prediction 
models across a wide range of regions in India 
includes meteorological, hydrological, geographical, 
socio-economic, and historical flood data. These 
help in understanding the causes of floods and in 
creating more reliable predictions. The dataset, 
consisting of 14 columns and 10,000 rows, is 
available on Kaggle from Jaya Surya 
(https://www.kaggle.com/datasets/s3programmer/flo
od-risk-in-india). 

Specifically, the dataset contains the following 
variables: 

• Latitude (float): Represents the 
geographic latitude of the observation 
site. 

• Longitude (float): Indicates the 
geographic longitude of the observation 
location. 

• Rainfall_mm (float): Represents the 
volume of rainfall (in millimeters) 
recorded at a particular location. 

• Temperature_C (float): Indicates the 
temperature in degrees Celsius (°C) at 
the corresponding location. 

• Humidity_pct (float): Shows the 
percentage of relative humidity at the 
observed area.  

• River_Discharge_m3_s (float): Denotes 
the volume of water flowing per second 
(in cubic meters). 

• Water_Level_m (float): Indicates the 
height of the water surface (in meters) at 
a specified location.  

• Elevation_m (float): Represents the 
height of the location above mean sea 
level (in meters). 

• Land_Cover (categorical): Describes 
the type of land cover in the area. 
Categories include Urban, Forest, 
Agricultural, Water Body, and Desert.  

• Soil_Type (categorical): Describes the 
soil composition. Categories include 
Sandy, Clay, Silt, Loam, and Peat.  

• Population_Density (float): Indicates 
the population density, measured in 
individuals per square kilometer.  

• Infrastructure (binary: 0/1): Specifies 
the presence (1) or absence (0) of flood 
control infrastructure. 

• Historical_Floods (binary: 0/1): 
Indicates whether the area has 
experienced flood events in the past (1: 
yes, 0: no). 
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• Flood_Occurred (binary: 0/1): The 
target variable, denoting the occurrence 
(1) or non-occurrence (0) of a flood 
event in the given area. 

The following table (Table 1) presents the 
summary descriptive statistics, including count, 
mean, standard deviation, minimum, and maximum 
values for each numerical feature: 

 
 

 
 
Table 1.  Summary Descriptive Statistics of 

Numerical Features. 
 
Summarizing the numerical characteristics 

related to flood risk, the following observations are 
made: 

• The average rainfall is 150 millimeters, 
with a range of 0 to 300 millimeters, 
demonstrating the variability that 
influences flood risk. 

• Temperature varies between 15 °C and 
45 °C, with a mean of 30 °C, promoting 
evaporation and affecting water 
management. 

• Humidity ranges from 20% to 100%, 
with an average of 60%, and higher 
humidity levels are associated with an 
elevated risk of flooding. 

• The average water level is 5 meters, 
reaching up to 10 meters, significantly 
affecting low-lying areas. 

• The mean population density is 5,021 
inhabitants per square kilometer, ranging 
from 2 to 10,000, with densely populated 
areas exhibiting higher human activity 
that can intensify flood risk.  

• Historical flood occurrences have a mean 
of 0.5, indicating that approximately 
50% of the regions have experienced 
past flooding events, highlighting 
potential vulnerability in the future. 

Summary descriptive statistics of the categorical 
features are provided in Table 2: 

 
Table 2. Summary Descriptive Statistics of 

Categorical Features. 
 
The variables “Land Cover” and “Soil Type” 

each contain 10,000 records and consist of 5 distinct 
categories. The highest frequency in “Land Cover” 
corresponds to Water Body (2,046 records) and in 
“Soil Type” to Peat (2,052 records), indicating that 
the study area is largely covered by water bodies 
and wetlands. 
 
 
3 Flood Prediction Using Machine 

Learning Methods 
For each method, we used two ways to split the 
dataset: the Train-Test Split with test_size=0.2 and 
test_size=0.3, and K-Fold Cross-Validation. Then, 
we analyze which splitting approach performs best 
for each method. 

The machine learning methods we use are the 
following: 
 
3.1 Logistic Regression 

K-Fold Cross-Validation 

In this evaluation method, we divide the dataset into 
k equal parts, where k is the number of folds that 
achieves a balance between the accuracy of the 
estimate and the computational cost. In this analysis, 
it was found that the optimal F1-Score is achieved 
when k=5. 

When k=5, the confusion matrix is as follows: 
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Table 3. Confusion Matrix using the K-Fold 

Cross-Validation technique in the Logistic 
Regression method. 

 
The confusion matrix (Table 3) shows a high 

number of false positives (FP) and false negatives 
(FN) predictions, leading to unnecessary alerts and 
costs, and to a failure to detect actual flood events, 
thereby putting citizens at risk. However, the model 
successfully predicted 3073 flood cases (TP) and 
2050 non-flood cases (TN). 

Based on these results, the evaluation metrics for 
each dataset splitting technique are presented in 
Table 4: 

 
Table 4. Evaluation metrics of the Logistic 

Regression method. 
 
The comparison of splitting techniques indicates 

that K-Fold Cross-Validation generally performs 
better, offering higher Accuracy, Recall and F1-
Score, albeit at the expense of lower Specificity. In 
contrast, the Train-Test Split shows only slight 
differences in performance between different test 
sizes. 

The same approach will be used for all machine 
learning methods. 

 
3.2 K- Nearest Neighbors (KNN) 

K-Fold Cross-Validation 

Similar to the Logistic Regression method, the K-
Fold Cross-Validation technique with k=5 provides 
the best overall performance in terms of average 
accuracy. 

 

Moreover, KNN performs better with a larger 
number of neighbors, achieving optimal average 
accuracy at k=41 for this dataset. However, unlike 
the Train-Test Split results, high accuracy is also 
observed at lower values, such as k=5, indicating 
that the model can still perform effectively even 
with fewer neighbors. 

 With k=5, the confusion matrix is as follows: 
 

 
Table 5. Confusion Matrix using the K-Fold 

Cross-Validation technique in the K-Nearest 
Neighbors (KNN) method. 

 
From Table 5, it can be observed that correct 

predictions outweigh incorrect ones, indicating that 
the model is generally reliable. Nevertheless, the 
rise in both false negatives and false positives 
cannot be ignored, as it may lead to unnecessary 
economic costs and represent potential risks to 
human life. 

Also, based on the above results, the evaluation 
metrics that are formed depending on the dataset 
splitting technique are presented below: 

 
Table 6. Evaluation metrics of the K-Nearest 

Neighbors (KNN) method. 
 
The K-Nearest Neighbors (KNN) model 

performs optimally with the K-Fold Cross-
Validation, achieving higher accuracy and a more 
reliable estimate of its performance. 
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3.3. Naive Bayes Classifier (NBC) 
K-Fold Cross-Validation 

As with the other methods, using K-Fold Cross-
Validation technique with k=5 achieves the highest 
overall performance based on average accuracy. 

With k=5, the confusion matrix (Table 7) is as 
follows: 

 
Table 7. Confusion Matrix using the K-Fold 

Cross-Validation technique in the Naive Bayes 
Classifier (NBC) method. 
 

Although the confusion matrix (Table 7) shows 
more correct predictions than incorrect ones, the 
number of false positives and false negatives remain 
significant. However, the model shows 
improvement compared to the Train-Test Split 
technique. 

Table 8 presents the evaluation metrics derived 
from the confusion matrix shown above. 

 
Table 8. Evaluation metrics of the Naive Bayes 

Classifier (NBC) method. 
 

From Table 8, we conclude that the K-Fold 
Cross-Validation offers a more effective evaluation 
than the Train-Test Split, with higher accuracy and 
better detection of positive cases due to complete 
utilization of the data. 

 
3.4. Support Vector Machines (SVM) 

K-Fold Cross-Validation 

For this method, the best overall performance, based 
on average accuracy, is achieved with K-Fold 
Cross-Validation technique at k=2. 

With k=2, the confusion matrix is as follows: 

 
Table 9. Confusion Matrix using the K-Fold 

Cross-Validation technique in the Support Vector 
Machines (SVM) method. 

 
The evaluation metrics are presented below 

(Table 10): 

 
Table 10. Evaluation metrics of the Support 

Vector Machines (SVM) method. 
 
From Table 10, we observe that with K-Fold 

Cross-Validation (k=2), the model achieves slightly 
higher accuracy (50.88%) compared to the Train-
Test Split technique (50.70%). However, Train-Test 
Split with test_size=0.2 outperforms both techniques 
in terms of Precision, Recall and F1-Score. 

 
3.5. Decision Trees 

K-Fold Cross-Validation 

In this method, the K-Fold Cross-Validation 
technique with k=12 provides the best overall 
performance, based on average accuracy. 
Furthermore, the optimal tree depth and the number 
of important features, which result in the highest 
accuracy, are 5 and 8, respectively. 

With k=12, max_depth=5 and important features 
=8, the confusion matrix (Table 11) is as follows: 
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Table 11. Confusion Matrix using the K-Fold 

Cross-Validation technique in the Decision Trees 
method. 

 
From the above matrix (Table 11), we observe 

that the model exhibits a bias toward flood 
detection, showing a high number of false positives. 
Despite many true positive predictions, it fails to 
detect non-flood cases, undermining its overall 
reliability. 

The Decision Tree is illustrated in Fig.1: 

 
Fig. 1 Visual representation of the Decision Tree 

for the K-Fold Cross-Validation technique. 
 

As shown in the decision tree (Figure 1), the 
most important variables for flood prediction are 
temperature, humidity, rainfall, river runoff, 
elevation, and population density. High humidity, 
temperature, and river runoff are associated with 
flood predictions, while low rainfall and population 
density correspond to no-flood predictions. The Gini 
value reflects uncertainty, and the smaller it is at the 
terminal nodes, the more reliable the forecast is 
considered. 

Although the tree visualization is also useful in 
the Train-Test Split technique, its complexity (due 
to tree depth and number of important features) 

makes a detailed presentation unwieldy and is 
therefore omitted. 

The evaluation metrics are shown below. 

 
Table 12. Evaluation metrics of the Decision 

Trees method. 
 
From Table 12, it is evident that while Train-Test 

Split with test_size=0.3 outperforms the 0.2 split in 
terms of Recall and F1-Score, K-Fold Cross-
Validation (k=12) achieves the best overall 
performance, with higher Accuracy, Precision, and 
Specificity. 

 
3.6 Random Forest 

Train- Test Split with test_size=0.2 

For the Train-Test Split with test_size=0.2, the 
optimal tree depth (max_depth) is 7, achieving the 
highest accuracy. Additionally, the features River 
Discharge, Water Level, and Temperature have the 
highest importance scores, exerting greater 
influence on the predictions than other variables. 

The confusion matrix (Table 13) is as follows: 

 
Table 13. Confusion Matrix for test_size = 0.2 

using the Random Forest method. 
 
Table 13 indicates that the model effectively 

identifies floods but struggles with non-flood cases, 
due to a high number of false positives and false 
negatives. 

Below is a visualization of a decision tree that is 
part of a Random Forest using the Train-Test Split 
technique with test_size = 0.2 and tree depth=7 (Fig. 
2). 
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Fig. 2 Visual representation of a decision tree 

that is part of a Random Forest for test_size=0.2. 
 
The decision tree highlights river discharge as 

the most important variable for flood prediction. 
Following it are geographical factors (latitude, 
altitude) and environmental variables (humidity, 
rainfall, temperature, population density), which 
collectively lead to the final prediction. Regions 
with high discharge, low latitude, and low elevation 
face greater flood risk, while areas with high 
latitude and low humidity are less vulnerable. 

The performance metrics of the Random Forest 
model are as follows: 

 
Table 14. Evaluation metrics of the Random 

Forest method. 
 
From Table 14, we conclude that Train-Test with 

test_size = 0.2 achieves higher Accuracy, Precision, 
Recall and F1-Score, although it performs worse in 
Specificity. Therefore, regarding Accuracy and 
Recall, the Train-Test Split technique with test_size 
= 0.2 is better. However, considering stability and 
balanced metric values, K-Fold Cross-Validation is 
the preferable approach. 
 
 
3.7 Neural Networks 
In the Neural Networks method, the K-Fold Cross-
Validation technique with k=10 provides the best 
overall performance based on average accuracy. 

With k=10, the confusion matrix is as follows: 

 
Table 15. Confusion Matrix using the K-Fold 

Cross-Validation technique in the Neural Networks 
method. 

 
Table 15 indicates that the model tends to 

overpredict floods, resulting in many false positives 
and difficulty correctly identifying non-flood cases, 
which can lead to false alerts. 

The evaluation metrics for this model are: 

 
Table 16. Evaluation metrics of the Neural 

Networks method. 
 
K-Fold Cross Validation technique (k=10) shows 

the best overall performance, mainly regarding 
accuracy, although low Specificity across all 
approaches shows difficulty in predicting non-flood 
events correctly. 

 
3.8 Overall Evaluation of the Methods 
In summary, we create a table of evaluation metrics 
for each method to compare results and identify the 
best overall performance. 
 

 
Table 17. Evaluation metrics of all machine 

learning methods. 
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From Table 17, it is evident that the K-Nearest 
Neighbors (KNN) method with K=41 achieves the 
highest accuracy and outperforms in most metrics, 
except for Recall and F1-Score, where the Neural 
Networks method performs better. Consequently, K-
Nearest Neighbors (KNN) is the most preferred 
method for flood risk prediction in India, while 
Neural Networks are more effective for minimizing 
false negatives. However, the accuracy rate of the 
K-Nearest Neighbors (KNN) method with K=41 
(56.4%) is relatively low, likely due to the lack of 
critical features such as watershed boundaries, 
initial hydrological conditions and human 
interventions. 
 
 
4 Conclusion 
Climate change is progressively worsening over 
time, primarily due to rising levels of atmospheric 
carbon dioxide, which intensify global warming. 
One of its major impacts is the rise in flood events, 
as intense and prolonged rainfall, combined with ice 
melt, leads to higher water levels. Nevertheless, 
other factors, including urbanization, deforestation, 
and poor dam management, also contribute to their 
occurrence. Although both natural and human 
factors cause floods, natural ones are generally 
considered more hazardous because they are more 
difficult to manage. The consequences of floods 
negatively affect the economy, environment, and 
public health, resulting in economic instability, 
environmental damage, and increased risks of 
disease spread. To mitigate these impacts, 
immediate and targeted government intervention is 
required. Thus, flood forecasting and early warning 
systems are crucial for effective flood management. 

In this paper, a dataset from India is used, which 
includes climatological, geographical, hydrological, 
geomorphological, and socio-economic variables to 
predict flood risk using machine learning methods 
such as Logistic Regression, K-Nearest Neighbors 
(KNN), Naive Bayes Classifier (NBC), Support 
Vector Machine (SVM), Decision Trees, Random 
Forests, and Neural Networks. Based on the 
evaluation of performance metrics for each method, 
it is found that the K-Nearest Neighbors method 
achieves the highest accuracy, at approximately 
57%, making it the most effective approach for this 
analysis. Therefore, reducing false positives and 
false negatives while maximizing predictive 
accuracy is essential to enhance the reliability of the 
model. 

According to the study by Debnath J. and his 
research team, four geomorphological features were 
identified as critical for reliable flood prediction in a 

region of India: flow accumulation, elevation, slope, 
and drainage density. These features were 
incorporated into the dataset used in their analysis, 
resulting in a high prediction accuracy of 92.10% 
[32]. 

 Flood prediction is a complex process 
influenced by many factors. The main challenges 
includes the absence of critical features in the data 
(such as watershed boundaries and initial 
hydrological conditions), limited data quality and 
availability, and the use of the same model across 
areas with heterogeneous conditions. Furthermore, 
accurate flood estimation is made difficult by 
uncertainty in weather forecasting, particularly 
rainfall, which is exacerbated by unpredictable 
weather events associated with climate change. A 
further issue is the lack of recorded human 
interventions, including dams, water extraction and 
changes in the riverbed, all of which affect runoff. 
Lastly, sparsely populated areas often present 
incomplete data, making prediction even more 
difficult [33], [34]. The research by Emerton R. and 
Brunner M. confirms that significant challenges 
exist in predicting flood risk, which must be 
addressed to enhance the reliability of forecasting 
models. 

Furthermore, in the study by Sankaranarayanan 
S. and his team analyzed a dataset from the Indian 
Water Portal, focusing on 10 regions within the 
Indian states of Bihar and Orissa. The parameters 
used for flood prediction included maximum and 
minimum temperature, and rainfall. By running 
different algorithms, it was found that the Deep 
Neural Network (DNN) achieved the highest 
accuracy, at 89.71% [35]. We can thus conclude that 
using another algorithm might have improved the 
accuracy of the current research; however, this 
cannot be certain due to the different dataset used. 

In Table 18, there is a comparison of the current 
study with previous ones. 

 
Table 18. Comparison of the Proposed Model 

with Previous Studies. 
 
Consequently, the accuracy of flood prediction 

models can be enhanced by including critical 
features, such as flow accumulation, terrain slope, 
and human interventions, along with improving data 
quality and availability. However, achieving full 
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accuracy remains challenging due to the inherent 
variability and unpredictability of natural 
phenomena. 

For future work, the research could focus on 
obtaining more accurate data for variables such as 
rainfall volume and water level, potentially through 
modern remote sensing technologies, including 
satellites, multi-sensor systems, and high-resolution 
radar. In addition, combining algorithms, such as K-
Nearest Neighbors (KNN) with Neural Network, 
could be explored to achieve higher predictive 
accuracy and more effective detection of flood 
events. Overall, the above approaches are likely to 
enhance the accuracy of flood prediction and, in 
turn, the early warning of flood events. 
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