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Abstract 8 

This paper discusses the application of artificial intelligence (AI) and machine learning (ML) tech- 9 

niques in predicting extreme floods in Pakistan, a country frequently affected by monsoon-related 10 

flooding. The study aims to develop predictive models that utilize historical hydrological and me- 11 

teorological data to improve flood forecasting and mitigation. By integrating AI/ML models, such 12 

as regression, classification, and anomaly detection, with datasets on rainfall, river inflows, topog- 13 

raphy, and climate factors, this research seeks to enhance early warning systems and flood man- 14 

agement practices. Various algorithms, including Random Forest, Gradient Boosting, and Neural 15 

Networks, are evaluated based on prediction accuracy and the models’ ability to detect anomalies 16 

that precede extreme flood events. These methods, coupled with real-time data from weather sta- 17 

tions and satellite imagery, offer a robust approach to forecasting and mitigating the impact of 18 

floods in Pakistan. The paper also highlights the practical implications of these AI/ML techniques 19 

for disaster management and water resource planning, with the aim of reducing the socioeconomic 20 

impact of floods. 21 
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 24 

1. Introduction 25 

Flooding is one of the most devastating natural disasters in Pakistan, causing signif- 26 

icant loss of life, destruction of infrastructure, and economic disruption [1]. The country's 27 

unique geographical location and reliance on monsoon rains exacerbate the severity of 28 

floods. Predicting extreme floods, especially in vulnerable regions like the Indus River 29 

basin, requires a comprehensive and advanced approach [2]. Traditional methods of flood 30 

forecasting, while useful, often fall short in terms of accuracy and timeliness. 31 

Artificial Intelligence (AI) and Machine Learning (ML) are emerging as promising 32 

tools in enhancing flood prediction and management [3-5], where these techniques can 33 

learn the useful features automatically from the hydrological parameters. These technol- 34 

ogies can analyze vast amounts of data, identify patterns, and predict future events with 35 

high precision. Several AI based methods have been developed for prediction of extreme 36 

floods [6-7]. In [8] different ML models were used for the forecasting of floods from IGIS- 37 

MAPs datasets. The authors achieved the best mean accuracy of 90.85% with neural net- 38 

work. The goal of this research paper is to develop and evaluate ML models that can im- 39 

prove flood forecasting capabilities in Pakistan, allowing authorities to take proactive 40 

measures and reduce the impacts of extreme flood events. This paper explores the use of 41 
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ML models for predicting extreme floods in Pakistan, focusing on data-driven approaches 42 

that integrate historical flood data, weather forecasts, river discharge rates, and topo- 43 

graphical information. To train and test the ML models, hydrological, metrological and 44 

topological data have been collected from the Kaggle, where the data is publicly available. 45 

Logistic regression, support vector machine, random forest and decision tree classifiers 46 

were trained and evaluated on the data. The missing data were handled using the mean, 47 

median and the interpolation methods, while the important features were identified using 48 

the correlation analysis and feature importance rankings. 49 

2. Methodology 50 

This study utilizes a systematic approach to collect, preprocess, and analyze hydro- 51 

logical and meteorological data from various sources, including Pakistan's national 52 

weather stations, river flow monitoring systems, and satellite observations. AI and ML 53 

techniques are then applied to forecast extreme floods and identify the factors contrib- 54 

uting to flood events. The methodology used in this research work is illustrated in figure  55 

 56 

Figure 1. Methodology Applied for Extreme Flood Prediction 57 

2.1. Data Collection 58 

1. Hydrological Data; This includes river discharge rates, reservoir levels, inflows, 59 

and outflows from major rivers in Pakistan, such as the Indus, Jhelum, and Chenab rivers. 60 

2. Meteorological Data; Temperature, rainfall patterns, humidity, wind speed, and 61 

atmospheric pressure data were collected from weather stations and remote sensing tools. 62 

Monsoon rainfall and snowmelt are key indicators for flood risk in Pakistan. 63 

3. Topographical Data; Elevation models, river basin characteristics, and catchment 64 

area features are used to model the movement of water during extreme rainfall events. 65 

2.2. Data Preprocessing 66 

Data preprocessing involves cleaning, normalization, and feature selection to ensure 67 

the dataset is suitable for AI/ML modeling. Key steps include: 68 

Handling Missing Data: Missing values in the dataset are imputed using mean, me- 69 

dian, or interpolation methods based on the nature of the variable. 70 

Normalization and Scaling: Continuous variables like rainfall, river discharge, and 71 

temperature are normalized to ensure the models perform consistently. 72 

Feature Selection: Correlation analysis and feature importance rankings (e.g., using 73 

Random Forest) are used to identify the most relevant features for predicting floods. 74 

2.3. Machine Learning Models 75 

Several machine learning algorithms were implemented and evaluated for flood pre- 76 

diction: 77 

Regression Models: These models are used to predict the severity of flood events 78 

based on historical and real-time data. 79 

Linear Regression, Random Forest Regression, Gradient Boosting Regression, Sup- 80 

port Vector Regression (SVR).  81 

Classification Models: These models categorize weather patterns and river discharge 82 

data into flood risk levels (e.g., no risk, moderate risk, high risk). 83 

Decision Tree Classifier, Logistic Regression, Random Forest Classifier, Neural Net- 84 

works 85 
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Anomaly Detection Models: Used to detect unusual patterns in weather or river flow 86 

data that could indicate an impending extreme flood event. Isolation Forest, One-Class 87 

Support Vector Machine (SVM). 88 

2.4. Model Training and Evaluation 89 

The models were trained on historical flood event data from Pakistan, using an 80:20 90 

split for training and testing. Cross-validation was employed to ensure the robustness of 91 

the models, and hyper parameter tuning was applied to optimize their performance. Key 92 

evaluation metrics included: 93 

Accuracy: The ability of the model to correctly predict flood and non-flood scenarios. 94 

3. Results and Discussion 95 

3.1. Regression Models 96 

Mean Absolute Error (MAE) was used to evaluate the regression models' predictive 97 

accuracy for flood severity. Among the regression models, Random Forest Regression and 98 

Gradient Boosting [9] achieved the highest accuracy in predicting the severity of floods, 99 

with R² values of 0.93 and 0.91, respectively. These models effectively utilized hydrologi- 100 

cal and meteorological data to predict river discharge rates during extreme rainfall events. 101 

Table 1 shows the results of extreme flood prediction using regression models. 102 

Table 1: Extreme flood prediction results using regression models 103 

ML Model R2 

Random Forest 0.93 

Gradient Boosting 0.91 

 104 

3.2. Classification Models 105 

Logistic Regression and Decision Tree classifiers [10] performed well in classifying 106 

flood risk levels. F1-Score, Precision, Recall were used for classification models to assess 107 

their performance in categorizing flood risk levels. 108 

 The models demonstrated a F1-Score of 0.95 when distinguishing between moderate 109 

and high flood risks. The Random Forest Classifier achieved the highest F1-Score of 0.96, 110 

indicating its strong performance in identifying high-risk flood scenarios. Table 2 shows 111 

the results of extreme flood predictions using classification models of ML. 112 

Table 2: Extreme flood prediction results using classification models 113 

ML Model Precision 

Logistic Regression 0.94 

Decision Tree 0.96 

Accurate flood predictions enable better resource allocation, including evacuation 114 

planning and flood defense measures. These models can also be integrated into water re- 115 

source management systems to optimize the use of reservoirs and dams, preventing un- 116 

necessary flooding during periods of heavy rainfall. 117 

3.3. Hydrological Data 118 

• River discharge rates from Indus, Jhelum, and Chenab rivers. 119 

• Reservoir inflow/outflow measurements.  120 

3.4. Meteorological Data 121 

• Temperature, rainfall intensity, humidity, atmospheric pressure, and wind 122 

speed. 123 

• Sourced from national weather stations and satellite platforms like MODIS and 124 

IMERG. 125 

  126 
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 129 

3.5. Topographical Data 130 

• Digital Elevation Models (DEMs) and river basin maps from remote sensing 131 

archives. 132 

3.6. Real-Time Data Utilization 133 

• Streaming weather data feeds are integrated into predictive models using 134 

APIs. 135 

• Real-time sensor data from river gauges directly feed into anomaly detection 136 

systems (e.g., Isolation Forest models). 137 

Example: By using real-time rainfall updates, Random Forest classifiers dynamically 138 

recalibrate flood risk levels every hour during monsoon season. 139 

 140 

 Figure 2. Flood hazard map 141 

4. PRACTICAL IMPLICATIONS 142 

The application of AI and ML models in flood prediction has several practical impli- 143 

cations for Pakistan. Early Warning Systems: Real-time flood forecasting using AI/ML 144 

models can enhance the accuracy of early warning systems. 145 

4.1. Regression Models 146 

• Random Forest Regression: Achieved R² = 0.93 for flood severity prediction. 147 

• Gradient Boosting Regression: R² = 0.91. 148 

4.2. Classification Models 149 

• Random Forest Classifier: F1-Score = 0.96 for flood risk levels. 150 

• Logistic Regression & Decision Trees: Achieved F1-Scores of 0.94-0.95. 151 

4.3. Anomaly Detection 152 

• Isolation Forest: Successfully detected abnormal river inflow patterns preced- 153 

ing major floods. 154 

Table 3: Performance Metrics Summary 155 

Model R² / F1-Score Strength 

Random Forest Regression 0.93 Highest predictive accuracy 

Gradient Boosting 0.91 Strong alternative 

Random Forest Classifier 0.96 Best classification performance 

 156 
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5. DEEP LEARNING POTENTIAL 157 

Although not yet implemented in the current research, Deep Learning models like 158 

Long Short-Term Memory (LSTM) networks and Convolutional Neural Networks 159 

(CNNs) offer immense potential: 160 

• LSTM networks can capture long-term dependencies in time series rainfall- 161 

runoff patterns. 162 

• CNNs can automatically extract spatial features from satellite imagery for 163 

flood zone mapping. 164 

6. Conclusion and Future Work 165 

This research paper demonstrated the potential of AI and ML techniques to improve 166 

flood forecasting in the Pakistan, especially in the predicting extreme flood events. The 167 

use of regression, classification, and anomaly detection models can significantly enhance 168 

the accuracy of flood predictions and provide early warnings to reduce the impact of 169 

floods. Among regression models, the random forest regressor and the gradient boosting 170 

were used, where the random forest regressor obtained the highest accuracy, while the 171 

decision tree classifier obtained the highest accuracy for the classification problem. Future 172 

research will focus on integrating more real-time data sources and refining the models to 173 

improve their predictive performance. Moreover, deep learning models can also be used 174 

to increase the performance of extreme flood prediction systems. 175 

 176 
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