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ABSTRACT: Flight delays pose a significant challenge to the aviation industry, resulting in increased operational 

costs, passenger inconvenience, and disruptions in airport logistics. Despite the availability of extensive historical flight 

data, current delay prediction methods largely offer deterministic outcomes and reactive insights, which limit proactive 

planning and efficient disruption management. This project addresses these limitations by developing advanced 

machine learning models, specifically Support Vector Machine (SVM) Regression and Random Forest Regression, to 

predict flight delays with a probabilistic approach. By integrating diverse datasets such as flight schedules, weather 

conditions, and airport traffic, the proposed system aims to capture the complex factors influencing delays. The model 

emphasizes handling data imbalance, feature selection, and interpretability to provide timely and reliable predictions 

across various routes and seasons. This proactive flight delay prediction framework empowers airlines, airport 

authorities, and passengers with early warning signals, enabling optimized operations and improved customer 

satisfaction. Ultimately, the project contributes to enhancing the robustness and efficiency of the aviation sector 

through innovative predictive analytics. 
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I. INTRODUCTION 

 

Air transportation plays a crucial role in the global economy by enabling the swift movement of people and goods over 

long distances. With the rapid growth of globalization and commercial aviation, the demand for air travel has surged 

significantly in recent decades. Despite this growth, flight delays remain one of the most persistent and disruptive 

challenges faced by the aviation industry. These delays not only cause inconvenience and frustration to millions of 

passengers annually but also lead to substantial economic losses, missed connections, reduced customer satisfaction, 

and operational inefficiencies for airlines and airports. 

 

3Flight delays arise from a complex interplay of factors such as adverse weather conditions, air traffic congestion, 

technical malfunctions, operational decisions by airlines, and security concerns. Due to this complexity, traditional 

delay management methods often struggle to forecast potential delays accurately and proactively. Therefore, there is an 

increasing need for intelligent, data-driven solutions that can provide early warnings and enable preventive actions to 

minimize disruption. 

 

Machine learning offers a promising approach to addressing this challenge. By leveraging large volumes of historical 

flight data alongside real-time variables like weather, flight schedules, routes, airline characteristics, and airport 

operations, machine learning algorithms can uncover hidden patterns and reliably predict future delays. These 

predictive capabilities allow airlines and airports to optimize resource allocation, improve operational efficiency, and 

enhance passenger experience by providing timely delay notifications. 

 

This project aims to develop a robust predictive system using machine learning techniques to accurately determine the 

likelihood of flight delays. Various algorithms, including Logistic Regression, Decision Trees, Random Forest, Support 

Vector Machines, and Neural Networks, are explored and evaluated based on performance metrics such as accuracy, 

precision, recall, and F1 score. By understanding the key factors influencing delays, this study contributes to smarter air 

traffic management and the reduction of negative impacts caused by flight delays. 
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II. RELATED WORK 

Flight delay prediction has attracted significant attention in recent years due to its critical impact on the aviation 

industry. Various machine learning approaches have been explored to improve delay forecasting accuracy and assist in 

better operational planning. 

 

Tang et al. (2021) utilized supervised machine learning models to predict flight delays using a dataset of flights 

departing from JFK airport. They evaluated seven algorithms including Logistic Regression, K-Nearest Neighbor, 

Decision Tree, Support Vector Machine, and Random Forest. Their findings highlighted that tree-based ensemble 

classifiers, particularly the Decision Tree algorithm, outperformed other models with an accuracy of 97.77%, 

demonstrating the potential of ensemble methods in handling imbalanced flight data effectively. 

 

Khaksar and Sheikholeslami (2022) investigated delay prediction for both US and Iranian airline networks by applying 

Bayesian modeling, decision trees, random forests, and hybrid methods. They identified different influential factors for 

each network—weather parameters like visibility and wind for the US, and fleet age and aircraft type for Iran. Their 

models achieved over 70% accuracy in predicting both delay occurrence and magnitude, underscoring the importance 

of context-specific feature selection. 

 

V. K. et al. (2023) focused on combining traditional machine learning with temporal convolutional networks to capture 

the complexity and temporal dependencies in flight delay data. They emphasized the need for predictive models that 

can provide timely and interpretable insights for stakeholders, aiming to reduce the economic and operational impact of 

delays through accurate forecasting. 

 

Qu and Wu (2023) addressed the problem of flight delay propagation, where initial delays cascade through subsequent 

flights. Using a large dataset from the China Air Traffic Management Bureau, they employed deep learning models 

such as CondenseNet, enhanced with attention mechanisms (CBAM and SimAM modules), and hybrid CNN-LSTM 

networks. Their improved models achieved prediction accuracies exceeding 89%, demonstrating the power of deep 

learning in capturing sequential dependencies and improving delay propagation prediction. 

 

Collectively, these studies show that machine learning—especially ensemble and deep learning methods—provides 

promising tools for flight delay prediction, though model performance depends heavily on data quality, feature 

selection, and the specific context of airline operations. 

 

III. PROPOSED SYSTEM 

 

The proposed system focuses on developing an advanced flight delay prediction framework using machine learning 

techniques that emphasize probabilistic forecasting. Unlike traditional deterministic models, this approach employs 

algorithms such as Random Forest, Decision Tree, and XGBoost to predict not only the likelihood of delays but also to 

capture the uncertainty surrounding individual flight delays. This shift to probabilistic predictions provides more 

comprehensive insights, enabling airlines, airports, and passengers to make better-informed decisions. 

 

The system leverages historical flight data collected from a major European airport, integrating it with additional data 

sources such as weather conditions, airline schedules, and airport traffic statistics. By analyzing these multifaceted 

factors, the models can classify flights into categories such as on-time, delayed, or canceled, while also optionally 

estimating the expected delay duration. 

 

A key innovation of this system is the integration of estimated delay distributions into a probabilistic flight-to-gate 

assignment model. This integration aims to optimize airport operations by reducing gate conflicts and improving 

resource allocation, thereby enhancing the overall robustness and efficiency of airport management. 

 

The prediction results will be accessible via a user-friendly dashboard or notification system designed for stakeholders 

including airline operators, airport authorities, and passengers. This real-time information enables proactive 

interventions such as flight rescheduling, staff deployment, and timely passenger notifications, minimizing disruption 

and improving customer satisfaction. 
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Overall, the proposed system addresses the current gaps in delay prediction methodologies by providing uncertainty-

aware forecasts and practical tools for operational optimization. This holistic approach is expected to contribute 

significantly to building smarter, more resilient aviation systems that can adapt dynamically to evolving flight 

conditions. 

 

IV. PSEUDO CODE 

 

Begin 

Step 1: Data Collection 

merged_data ← merge_datasets(flight_data, weather_data, schedule_data, traffic_data) 

 

Step 2: Data Preprocessing 

merged_data ← handle_missing_values(merged_data)merged_data ← encode_categorical(merged_data) 

merged_data ← normalize_features(merged_data) 
merged_data ← balance_classes(merged_data) # e.g., using SMOTE 

 

Step 3: Feature Selection 

features ← select_relevant_features(merged_data) # e.g., departure_time, weather, route 

 

Step 4: Data Splitting 

X_train, X_test, y_train, y_test ← split_data(merged_data[features], merged_data['delay_status'], test_size=0.2) 

 

Step 5: Model Training and Selection 

models ← [DecisionTree(), RandomForest(), XGBoost()] 
best_model ← None 

best_score ← 0 

For model in models: 

model.fit(X_train, y_train) 

predictions ← model.predict(X_test) 
score ← evaluate_model(y_test, predictions)  # accuracy, F1, etc. 

If score  > best_score: 

best_score ← score 

best_model ← model   

 

Step 6: Delay Probability Prediction 

new_flight_data ← get_new_flight_data() 
delay_probabilities ← best_model.predict_proba(new_flight_data[features]) 

delay_predictions ← classify_by_probability(delay_probabilities) 

 

Step 7: Gate Assignment Optimization 

optimized_gates ← gate_assignment_optimizer(delay_probabilities, constraints) 
 

Step 8: Output 

display (delay_predictions, optimized_gates) 

send_alerts_to_users(delay_predictions) 

End 

 

V. SIMULATION RESULTS 

 

The proposed flight delay prediction system was evaluated using a historical dataset collected from a major European 

airport. The dataset included flight details, weather conditions, schedule data, and airport traffic information over a one-

year period. The models tested include Decision Tree, Random Forest, and XGBoost classifiers. 
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Performance Metrics: 

Model Accuracy Precision Recall F1 Score 

Decision Tree 89.2% 87.5% 85.8% 86.6% 

Random Forest 92.7% 91.8% 90.5% 91.1% 

XGBoost 93.4% 92.3% 91.7% 92.0% 

 

Accuracy: The percentage of correctly classified flights as on-time or delayed. 

Precision: The proportion of predicted delays that were actual delays. 

Recall: The ability of the model to identify all delayed flights. 

F1 Score: The harmonic mean of precision and recall, balancing both. 

 

Among the tested models, XGBoost achieved the highest accuracy of 93.4%, outperforming Decision Tree and 

Random Forest classifiers. The model also showed robust precision and recall, indicating reliable detection of delayed 

flights with fewer false alarms. 

 

Delay Duration Prediction: 

In addition to binary classification, the models were extended to predict the estimated delay duration using regression 

techniques. The Random Forest regressor yielded a mean absolute error (MAE) of 12.5 minutes, indicating good 

accuracy in estimating delay times. 

 

Probabilistic Predictions and Gate Assignment: 

The XGBoost model was used to generate probabilistic delay forecasts, which were integrated into the gate assignment 

optimization module. This approach led to a 15% reduction in gate conflicts during peak hours compared to traditional 

deterministic scheduling methods. 

 

VI. CONCLUSION AND FUTURE WORK 

 

In this study, a robust machine learning-based system for flight delay prediction was developed and evaluated using 

historical flight, weather, schedule, and airport traffic data. The system successfully utilized classifiers such as Decision 

Tree, Random Forest, and XGBoost to classify flights into on-time, delayed, or canceled categories, with XGBoost 

achieving the highest accuracy of 93.4%. The integration of probabilistic delay forecasts into a gate assignment 

optimization model further demonstrated practical benefits, reducing gate conflicts and improving airport operational 

efficiency. 

 

The proposed system proves effective in offering early warnings about potential delays, enabling airlines, airport 

authorities, and passengers to take proactive measures. This not only helps in optimizing resources and minimizing 

disruptions but also enhances the overall travel experience by reducing uncertainty. 

 

Future Work 

exploring advanced deep learning models such as Long Short-Term Memory (LSTM) networks or Transformer-based 

architectures could provide better handling of time-series data and long-range dependencies inherent in flight 

operations. Expanding the system to incorporate data from multiple airports, including international ones, would 

increase the model’s scalability and generalizability across different geographical and operational contexts. Future 

iterations could also incorporate economic impact analysis to quantify the cost savings from reduced delays and 

optimized 
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