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Abstract: Climatic changes have increased the frequency of natural disasters, and Pakistan, as a
developing nation, is facing severe challenges in coping with floods, which have devastatingly
impacted people’s livelihoods. In 2022, floods affected over 33 million people, resulting in more than
1730 deaths, according to the World Bank. Flood prediction is a critical research area which can aid in
saving critical lives, crops, livestock, and money. This study employs machine learning techniques to
provide accurate and reliable flood forecasts for Pakistan. Specifically, Support Vector Machine (SVM)
and Artificial neural network (ANN) are utilized in this research for flood prediction. Historical
data encompassing floods, rainfall, temperature, water level, topographic information, and land
cover of Pakistan is collected and split into 75% for model training and 25% for testing. Additionally,
topographic data and land cover information are employed to create inundation maps. The findings
highlight three topographic factors that play a pivotal role in predicting flood-sensitive areas: slope,
distance to the river, and river. The combined Support Vector Machine (SVM) and Artificial neural
network (ANN) exhibited areas under the curve values of 0.94 and 0.95 for the training and testing
phases, respectively. These results demonstrate the efficacy of the SVM and ANN integration for
precise flood forecasting in Pakistan, contributing to enhancing flood resilience in the region.

Keywords: Support Vector Machine (SVM); artificial neural network (ANN); machine learning; flood;
mapping; meteorology; topography

1. Introduction

Flood events are a pervasive global occurrence, yet their severity exhibits regional vari-
ations. Particularly in developing nations, the recurrence of floods exacts a significant toll in
terms of human lives and generates severe economic turmoil, amplifying financial strains.
The amplification of global temperatures, attributable to the overarching phenomenon of
climate change, has led to an accelerated rate of snowmelt and heightened precipitation.
Consequently, the incidence of floods has surged both in frequency and intensity. This
trend is evident in Figure 1, showcasing Pakistan’s elevated flood occurrence rate compared
to other natural disasters [1]. The year 2021 saw floods surpassing all other calamities in
South Asian countries [1], underlining the prominence of flooding as a critical issue in the
region as shown in Figure 1. Annually, a staggering average of USD 300 billion worth of
damages and the consequential societal repercussions have spurred researchers around the
globe to earnestly address the pressing issue of flooding [2].
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Figure 1. Number of natural disaster events in Pakistan since 1900. Data source: EM-DAT: The
OFDA/CRED International Disaster Data base and United Nation Office for the Coordination of
Humanitarian Affairs (OCHA) (*except data of drought).

A multitude of methodologies, models, and strategies with potential regional or global
relevance have been proposed; however, effectively modeling and predicting this natural
disaster has proven to be a formidable challenge [3]. For Pakistan, which has experienced
a higher frequency of floods in recent years, it is evident that there is a critical need for
an advanced system to detect floods in advance and accurately map flood-prone areas.
Artificial Intelligence [4,5], in particular machine learning (clustering [6,7] and classification)
and deep learning [8,9], have played an important role in identification of diseases [10–12],
flood detection and warning systems, and in many other allied fields [13–15]. Such a system
enables authorities to proactively relocate people to safer locations, reducing the impact of
floods on vulnerable communities.

1.1. Literature Review

Numerous statistical approaches and methodologies, such as the climatology average
method (CLIM) [16], flood frequency analysis (FFA) [17], Bayesian forecasting models
(BFM) [18], and artificial neural networks (ANN) [19], among others, have been extensively
employed for flood prediction within scholarly literature. In these frameworks, the intricate
physical processes contributing to flooding have been encapsulated through intricate
mathematical formulations. The major recent contributions in the field of flood predictions
are shown in Table 1.

The significant progress in prediction systems owes much to the utilization of machine
learning (ML) methods, which have offered improved performance and cost-effective
solutions.
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Table 1. Literature review table showing the contributions of various authors for Flood Forecasting.

Papers Datasets Year Published
Deep
Learning
Used

GANS SVM ANN
Machine
Learning
Used

Topographic
Factors

Hydrological
Factors

Land Cover
Factor

Geological
Factor

Flood Extent
Mapping

Weng et al. [2] . July, 2023 yes yes . . . . yes . . .

do Lago et al. [20] . March, 2023 yes yes . . . . . . . .

Saikh et al. [21] Geospatial data and
Flood Inventory Map May, 2023 yes . . . . . . . . .

Saber et al. [22] May, 2023 . . . . yes . . . . .

Farooq et al. [1] . March, 2023 . . . . yes . . . . .

Proposed Solution Data of Pakistan July, 2023 . . yes yes yes yes yes yes yes yes
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1.2. Our Objectives

The core objective of this research article centers on introducing a novel flood fore-
casting and river inundation mapping system in Pakistan, filling a void in the existing
landscape. This endeavor involves the integration of diverse elements, encompassing rain-
fall and temperature data, topographic influences, and geological considerations. Through
the amalgamation of these components, the research endeavors to construct an adept
flood forecasting and inundation mapping mechanism tailored to Pakistan’s context. The
overarching aim is to elevate the accuracy of flood predictions within the region and fortify
readiness strategies for potential flood occurrences.

1.3. Research Questions

This study focuses on enhancing flood resilience in Pakistan through streamflow
forecasting and inundation model. Following are the few main research questions discussed
in this study.

1. How can streamflow forecasting and inundation modeling be effectively integrated to
enhance flood resilience in Pakistan?

2. What are the key factors influencing accurate streamflow forecasting in Pakistan’s
unique hydrological conditions?

3. How can advanced inundation modeling techniques be utilized to develop efficient
flood risk mapping and response strategies in Pakistan?

1.4. Novelty of This Study

This research introduces a novel approach to flood prediction and extent mapping
in Pakistan. It combines Support Vector Machine (SVM) and Artificial Neural Network
(ANN) models, supported by comprehensive analysis of influencing factors. The study
adopts a multidimensional method considering meteorological, topographic, hydrological,
land cover, and geological elements, in contrast to conventional techniques.

1.5. Executive Summary

This study aims to enhance flood forecasting and mapping in Pakistan using machine
learning, particularly Support Vector Machine (SVM) and Artificial Neural Network (ANN).
SVM achieved 94% accuracy and ANN reached 95%, highlighting their reliability. By
employing these techniques, the research seeks to improve flood prediction precision,
bolstering flood resilience and disaster readiness in the area.

2. Materials and Methods
2.1. Dataset

Datasets of different features such as rainfall, temperature, landsat images, historical
flood, water level, weather data, land cover of Pakistan is collected from different sources.
An overview of the datasets used in this study is shown in Table 2.

Table 2. Datasets used in this study and their sources

Rainfall (1901–2016) Kaggle

Temperature (1901–2016) Kaggle

Water Level (2022–2023) WAPDA river flow

Historical flood data Google, Different sources

Land cover data Land use atlas of Pakistan, Env. Ministry Gov. of Pakistan

Weather data https://weatherspark.com/ (accessed on 24 June 2023)

https://weatherspark.com/
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2.2. Overall Workflow

By using machine learning approaches, particularly Support Vector Machine (SVM)
and Artificial Neural Networks (ANN), to predict floods based on temperature and rainfall
data, the current methodology aims to tackle this challenging job. The overall workflow
deployed in this study is shown in Figure 2.

Rainfall 
Temperature 

Historical 
Flood Data 

(1947-2016)

Landsat Images of Pakistan

Country Boundary and 
Visualization

Landsat Data Retrieval & 
Visualization

Normalized Difference Water 
Index (NDWI) Calculation

Data Standardization 
(Standard Scalar)

Rainfall and 
Temperature 

specified as Input 
Features (X)

Data Splitting

Resampled the non flooded 
data to balance the classes

Historical Flood 
data as Target 
Feature (Y)

Water 
Thresholding

Display water 
masks on the map

Flood Extent Calculation

Zonal Statistics and 
Data Analysis

Display flood extent 
on map

Apply a threshold to 
NDWI images to 

identify water areas

Separate Records with flooded 
(1) and non-flooded (1)

Define Sequential neural 
network with three layers

Concatenate resampled data 
with flood data and shuffle

Neural Network (ANN) 
Classifier

Support Vector Machine 
(SVM) Classifier

Define SVM Classifier with 
Sigmoid kernel

Train on the training data to 
adjust weights

Confusion matrix

Accuracy Calculation 
0.95

Accuracy Calculation 
0.94

1

Data Preprocessing

Data Resampling 
(Class imbalance)

AI Framework
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Figure 2. Workflow diagram deployed in the current study.

2.2.1. Data Preparation

The methodology’s first step entails gathering and preparing pertinent meteorological
data. Using the Pandas library, historical flood records, rainfall, and temperature data
are combined into a comprehensive dataset. To help predictive modelling, further data
preparation converts categorical flood labels into binary values.

2.2.2. Data Division into Training and Validation Data Sets

The dataset is divided into training and testing sets using scikit-learn’s train–test–split
function to enable efficient model training and evaluation. Additionally, feature values
are standardized using the StandardScaler during model training to guarantee consistent
scaling and convergence.

2.2.3. Data Balancing Techniques

Given that floods are very infrequient, the class imbalance in the dataset presents a
key issue in flood prediction. The Synthetic Minority Over-sampling Technique (SMOTE),
which artificially augments the minority class to provide a more balanced dataset, is used
to remedy problem.

2.2.4. Modeling Techniques Deployed in this Study

For this study, SVM and ANN models were deployed. A SVM model with a Sig-
moid kernel was trained on the balanced dataset using the scikit-learn module. An ANN
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model is constructed using TensorFlow and Keras. The architecture consists of sequential
dense layers, with ReLU activation functions, culminating in Sigmoid output, with binary
cross-entropy loss and the Adam optimizer. The Neural Network’s predictive efficacy is
scrutinized in a manner mirroring SVM evaluation.

For the comprehensive evaluation of performance of both models, a suite of metrics is
employed, including confusion matrix analysis, classification reports, and accuracy scores.

Upon completion of flood forecasting, geospatial analysis techniques utilizing Google
Earth Engine are implemented, involving visualization of satellite imagery, calculation
of the Normalized Difference Water Index (NDWI), thresholding for water identification,
and determination of flood extent. The methodology culminates in zonal statistics for
flood-affected areas within country boundaries.

3. Results and Discussion

In this study, we forecasted floods and mapped river inundation in Pakistan using
a variety of variables, including rainfall, temperature, topography, and geology. The
outcomes show how well the algorithm was able to map potential inundation zones and
anticipate flood events. Results show that on the basis of different factors, we obtained an
accuracy of 94% for SVM and 95% for ANN. Figure 3 shows the flood extent in 2021 and in
2022 in Pakistan.

Figure 3. Flood Extent of 2021 and 2022.

The results of river inundation mapping were similarly encouraging. The inundation
mapping model accurately identified possible regions at danger of flooding by integrating
topographic features and geology. SVM and ANN displayed 94% and 95% overall accuracy
rates, respectively, for identifying flood-prone areas. The model successfully identified and
mapped inundation zones during flood events, with a high precision of 95% and a recall
rate of 94%.

Seasonal precipitation variability and land use changes were found to be two important
variables that affect Pakistani streamflow forecasting accuracy. The AI algorithms (SVM,
ANN) employed in flood prediction and classification operate on established assumptions
and are trained using accessible data, potentially lacking a comprehensive grasp of the
intricate elements shaping flash floods [23].

The integration of streamflow forecasting and inundation modeling in our study
achieved a high level of accuracy, enhancing flood resilience in Pakistan by providing
rapid warnings and precise flood extent mapping through real-time streamflow data and
advanced modeling techniques.
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Seasonal precipitation variability and land use changes were identified as pivotal
factors affecting the accuracy of streamflow forecasting in Pakistan. Understanding and
incorporating these variables are critical for improving the precision of flood predictions.

4. Conclusions

In conclusion, this conference paper shows significant progress in improving Pakistan’s
flood resilience through the integration of streamflow forecasting and flood modeling.
Using advanced machine learning algorithms such as Support Vector Machine (SVM) and
Artificial Neural Network (ANN) results in impressive 94% and 95% accuracy rates. The
study addresses the key factors influencing accurate flow forecasting and explores the
application of advanced flood modeling to flood risk mapping and response strategies. The
results promise to improve flood preparedness and disaster management in the region and
provide valuable information for future research to further improve flood resistance and
effectively combat the challenges of a changing climate.
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