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Abstract:
Flight delays pose considerable challenges for both passengers andairlines, resulting in financial burdens, operational inefficiencies,
and reduced customer satisfaction. In response to these issues, we present a robust predictive modeling framework that leverages a
rich set of historical flight data to accurately forecast potential delays. Our dataset includes features such as scheduled and actual
departure times, carrier information, weather conditions, flight routes, and historical delay patterns.We employ the XGBoost
regression algorithm, which is well-suited for handling high-dimensional, tabular data and capturing complex nonlinear relationships.
Compared to traditional statistical models and baseline machine learning approaches, our XGBoost-based model demonstrates
significantly improved predictive accuracy, as measured by metrics such as Mean Absolute Error (MAE) and ROC AUC (for
classification-based delay thresholds).A comprehensive feature importance analysis highlights key variables influencing delay
likelihood, including departure time of day, weather at origin and destination airports, airline carrier performance, and specific high-
traffic routes. These insights not only improve model interpretability but also offer practical guidance for stakeholders in airline
scheduling, resourceallocation,and proactive passenger communication.Ultimately, our predictive system enables airlines to anticipate
disruptions more effectively, streamline operational planning, reduce costs associated with delays, andenhance the overall passenger
experience through more reliable and timely air travel services.
IndexTerms: Machine Learning (ML), Supervised Learning, Semi-supervised Learning, XGBoost, Decision Trees, Random
Forest, Logistic Regression
1.INTRODUCTION
In today's fast-paced world, air travel remains a crucial pillar of global connectivity, enabling efficient movement of people and goods.
However, a persistent challenge that disrupts this efficiency is flight delays. These delays not only cause inconvenience for travelers
but also result in financial losses and logistical complications for airlines and airport authorities. While some delays are inevitable due
to unpredictable factors like weather conditions or sudden technical issues, a significant number can be anticipated and managed with
the help of data-driven solutions. Recognizing the widespread impact of flight delays, our project focuses on building a real-time flight
delay prediction system using advanced machine learning techniques. By leveraging historical flight data, we aim to accurately
forecast delays and enhance decision-making for all aviation stakeholders. Our solution is powered by the XGBoost algorithm, known
for its performance and accuracy in predictive analytics. What makes our approach unique is the integration of an intelligent
recommendation system that suggests alternative flights if the predicted delay exceeds 30 minutes.[12] This added feature not only
helps minimize the inconvenience for passengers but also aids in more efficient resource planning for airlines and airports. We have
developed a user-friendly web application using Flask that allows users to input flight-specific details such as the date, airline, origin,
and 1 destination. The system then delivers real-time predictions regarding potential delays, the estimated duration of the delay, and
viable alternative flight options. This interface is designed to simulate real-time usage and can be deployed on cloud platforms like
AWS. Additionally, it supports data visualization through dashboards built using tools like Streamlit. By combining predictive
modeling with an actionable interface,[18] our project strives to provide a comprehensive solution for proactive flight delay
management—empowering travelers, airline operators, and airport authorities with valuable insights and timely alternative.

1.1 Existing System

The existing systems for predicting airline delays predominantly use traditional machine learning algorithms such as Random Forest,
Decision Trees, Multi-Layer Perceptron (MLP), and K-Nearest Neighbors (KNN). These models are applied to historical flight data
to classify whether a flight will be delayed or not. While they offer basic predictive functionality, these systems often suffer from
limitations such as low accuracy, lack of real-time responsiveness, and minimal user interaction capabilities. They typically divide
data into training and testing sets for model development but fail to incorporate intelligent features like alternative flight
suggestions.[20] Moreover, they rarely integrate deployment strategies or user-friendly web interfaces, making them less practical for
real-world use. The models also lack explainability and interpretability, which are crucial for stakeholder trust. Many of these systems
do not use real-time data streams or adaptive learning mechanisms, resulting in outdated predictions. Additionally, their inability to
update regularly reduces model reliability over time. Another critical drawback is the absence of advanced visualization tools to aid
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decision-making. These systems generally overlook cloud deployment or mobile accessibility, limiting user reach. Thus, while
existing systems provide a foundational approach to flight delay prediction, they fall short in providing actionable insights, scalability,
and interactive features needed for practical deployment in modern aviation contexts.

1.1.1  Challenges:
Data Quality and Availability
. Real-time flight data often contains missing, inconsistent, or noisy values, which can affect model accuracy.
Feature Selection and Engineering
. Identifying relevant and predictive features from complex flight data is challenging.
Imbalanced Dataset
. The number of non-delayed flights may significantly outnumber delayed ones, leading to class imbalance and
biased predictions.
Real-time Prediction Complexity
. Processing and analyzing live data streams in real time is computationally demanding and introduces latency
concerns.
Model Overfitting
. Complex models like XGBoost are prone to overfitting, especially when hyperparameters aren't tuned properly.
Proposed system:

The proposed system is a real-time flight delay prediction platform built using the XGBoost machine learning algorithm. It analyzes
historical flight data such as airline, origin, destination, and scheduled departure time to forecast potential delays. A flight is considered
delayed if the departure exceeds the scheduled time by more than 15 minutes. The model is trained on a cleaned and preprocessed
dataset, ensuring high prediction accuracy and efficiency. It is integrated into a user-friendly web interface developed using Flask.
Users can input flight details like date, month, airline, and route through the web app.[14] Upon submission, the system processes the
data and predicts whether the flight will be delayed or on time. If the delay exceeds 30 minutes, the system also suggests alternative
flight options. The web application is designed to be accessible and intuitive for passengers, airline staff, and airport authorities.
Deployment can be done on cloud platforms like AWS or with visualization dashboards using Streamlit. The system includes features
for data visualization, model evaluation, and continuous updates. It supports proactive decision-making by informing users about
potential disruptions. The use of XGBoost ensures robustness, scalability, and faster computation. Overall, the system enhances travel
planning and reduces the impact of flight delays through intelligent predictions and real-time recommendations.
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1.1.2  Advantages:
. High Prediction Accuracy

Uses XGBoost, a powerful machine learning algorithm known for its high accuracy and efficiency in classification tasks.

. Real-Time Flight Delay Prediction
Users can input flight details and get immediate predictions about potential delays.
. Alternative Flight Suggestions
If a delay exceeds 30 minutes, the system recommends alternative flights, improving passenger options.

. User-Friendly Web Interface

Built using Flask, the web app is easy to use and accessible via browsers for travelers, airline staff, and administrators.

. Data-Driven Insights
Helps understand trends and patterns in delays by analyzing historical flight data.
. Explainable Predictions

Uses feature importance visualization in XGBoost to explain which input factors influenced the prediction.
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Architecture:

The architecture of the flight delay prediction system is designed to enable accurate, real-time delay forecasting using a machine
learning model and a web-based interface. At the core of the system is the XGBoost classifier, which is trained on historical flight
data, including features such as date, airline, origin, destination, scheduled and actual departure times. The system begins with a user
interface (UI) developed using the Flask web framework, where users can input flight-specific details.[8] These inputs are passed to
the Input Module, which collects and formats the data. The Data Preprocessing Layer then cleans the inputs, handles missing values,
encodes categorical features, and extracts relevant attributes. The cleaned data is fed into the trained XGBoost model via the Prediction
Engine, which classifies the flight as either ‘Delayed’ or ‘Not Delayed’ based on whether the predicted delay exceeds 15 minutes. If
a delay of more than 30 minutes is predicted, the Alternative Flight Recommendation Module is triggered to provide other suitable
flight options. Finally, the result—including delay status and alternative suggestions—is displayed back to the user via the web
interface. This system is built to support deployment on platforms like AWS and can be integrated with visualization tools like
Streamlit to enhance real-time accessibility and usability
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Fig: system architecture
Algorithm:

The primary algorithm used in the project “Predicting Airline Delays using XGBoost and random forest” is the XGBoost (Extreme
Gradient Boosting) algorithm, which is a powerful and efficient supervised machine learning technique based on gradient boosting.[1]
XGBoost is particularly known for its high performance, scalability, and ability to handle large datasets with complex patterns, making
it well-suited for flight delay prediction tasks. In this project, the model is trained on historical flight data that includes features such
as airline, origin, destination, date, and departure times. The trained XGBoost model is then used to classify whether a given flight is
likely to be delayed or not, based on a threshold of 15 minutes. If the delay exceeds 30 minutes, the system also triggers a
recommendation for alternative flights. XGBoost’s ability to minimize overfitting, manage missing data, and deliver fast training and
prediction times made it the ideal choice for implementing this real-time delay prediction system. Although other algorithms like
Random Forest, Decision Trees, and Support Vector Machines were explored in the literature review, XGBoost was ultimately selected
for its superior accuracy, flexibility, and robust performance in handling classification problems in aviation data.

Techniques:

The project “Predicting Airline Delays using XGBoost and random forest” utilizes several key techniques from machine learning and
software development to achieve accurate flight delay prediction and an interactive user experience. The central technique is
supervised learning, specifically classification, where the model learns from labeled historical flight data to predict whether a flight
will be delayed or not. The project uses data preprocessing techniques such as handling missing values, encoding categorical variables
(like airlines and airport codes), feature selection, and normalization to prepare the dataset for model training. Feature engineering is
applied to derive meaningful features, such as calculating departure delay durations, which improve the model's predictive
capability.[5] The core machine learning technique used is the XGBoost algorithm, a form of gradient boosting, chosen for its accuracy,
speed, and regularization features that reduce overfitting. The trained model is integrated into a web-based application using Flask, a
lightweight Python web framework, allowing users to input flight details and receive real-time predictions. Additionally, data
visualization techniques using libraries like Matplotlib and Seaborn are employed to display trends in flight delays and feature
importance.[10] The project also incorporates alternative flight recommendation logic if predicted delays exceed 30 minutes,
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enhancing its usability. Together, these techniques create a robust, scalable, and user-friendly solution for proactive flight delay
management.

Tools:

The project “Predicting Airline using XGBoost and random forest” employs a variety of software tools and technologies to build a
functional and efficient flight delay prediction system. The main programming language used is Python, chosen for its simplicity and
rich ecosystem of data science libraries. For data analysis and manipulation, the project utilizes Pandas and NumPy, which help in
handling large datasets and performing numerical computations. Seaborn and Matplotlib are used for data visualization, allowing
developers and users to understand delay patterns and feature importance visually.[7] The XGBoost library is the core machine
learning tool, providing the algorithm used for training and predicting flight delays. To develop the web interface, the project uses
Flask, a lightweight web framework in Python that facilitates user interaction with the machine learning model through a browser-
based form. The Visual Studio Code (VS Code) IDE is used for writing and debugging code efficiently. For saving and loading the
trained model, Pickle is employed for model serialization. Additionally, the project supports deployment on cloud platforms like AWS
and can be extended to dashboards using Streamlit.[9] These tools collectively ensure that the system is not only accurate and reliable
but also accessible, interactive, and scalable for real-world use.

Methods:

The project “Predicting Airline Delays using XGBoost and random forest” employs several key methods throughout its development
and implementation to ensure accurate predictions and user-friendly interaction.[17] The first method used is data collection, where
historical flight data is gathered from open sources like Kaggle, containing attributes such as flight date, airline, origin, destination,
departure time, and delay duration. This is followed by data preprocessing methods, which include cleaning the dataset, handling
missing values, converting time fields to a usable format, and encoding categorical variables into numerical form using label encoding.
The feature engineering method is applied to create new variables like ‘departure delay’ and to filter out irrelevant features, enhancing
the model’s predictive power. For model training, the train-test split method is used to divide the data into training and testing sets,
ensuring the model is validated before deployment.[13] The project then uses the XGBoost classification method to learn from the
training data and predict whether a flight will be delayed. The model’s performance is evaluated using standard methods like accuracy
scoring and visualization of feature importance. Finally, the Flask web framework method is used to develop an interactive web
interface, allowing users to input flight details and receive real-time predictions. If a flight is predicted to be delayed beyond 30
minutes, the system uses a conditional method to trigger alternative flight suggestions, making the solution both intelligent and user-
centric.

METHODOLOGY
Input:

In the project “Predicting Airline Delays using XGBoost and random forest”, the input information consists of specific flight-related
details provided by the user through a web-based interface. These inputs are crucial features required by the machine learning model
to make an accurate delay prediction. The user is prompted to enter the year, month, and day of the flight, as well as the airline carrier,
origin airport, and destination airport. Additional attributes such as the scheduled departure time and the actual departure time are also
part of the dataset used during model training, though not all are manually input by users at prediction time. These inputs are then
preprocessed—categorical fields like airline and airport codes are label encoded, and numerical fields are scaled or transformed as
needed—to match the format expected by the trained XGBoost model. [15] Once the input data is processed, it is fed into the model,
which then predicts whether the flight is likely to be delayed. If the expected delay exceeds 30 minutes, the system also recommends
alternative flights, enhancing the decision-making capability for the user.
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Method of Process:

In the project “Predicting Airline Delays using XGBoost and random forest”, the method of processing information follows a
structured pipeline that transforms raw user input into actionable predictions. The process begins with data input collected via a web
interface, where users provide flight-specific details such as date, airline, origin, and destination. This input is passed to the data
preprocessing module, which applies several key methods: it handles missing values, encodes categorical variables using label
encoding, and extracts meaningful features like departure delay duration.[2] After preprocessing, the cleaned and structured data is
forwarded to the trained XGBoost model, which has been previously trained on historical flight data. [11] The model then applies its
learned patterns to classify whether the flight will be delayed or not, based on a defined threshold (e.g., 15 minutes). If a delay longer
than 30 minutes is predicted, the system further triggers the alternative flight recommendation method, providing users with backup
options. Finally, the result—either “Delayed” or “Not Delayed,” along with suggested alternatives—is displayed back to the user
through the interface. This end-to-end process ensures that user-provided information is systematically analyzed and transformed into
accurate, real-time flight delay predictions.

Output:

In the project “Predicting Airline Delays using XGBoost and random forest”, the output information is the final result generated by
the trained machine learning model after processing the user-provided flight details.[6] The primary output is a classification result
indicating whether the flight is predicted to be "Delayed" or "Not Delayed", based on a threshold of 15 minutes difference between
scheduled and actual departure times. In addition to this binary outcome, the system also provides an estimated delay duration, giving
users a clearer idea of how long the delay might be. Furthermore, if the predicted delay exceeds 30 minutes, the system triggers an
alternative flight recommendation, offering users practical options to minimize disruption.[19] This output is displayed in a user-
friendly manner through a Flask-based web interface, making it easy for travelers to interpret the results. The output also includes
performance metrics like model accuracy (e.g., 88%) during evaluation, and visual outputs such as feature importance graphs and
delay distribution plots using tools like Matplotlib and Seaborn. Together, these outputs provide comprehensive, real-time, and
actionable information to support informed travel planning.
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RESULTS:

The result of the project “Predicting Airline Delays using XGBoost and random forest” is a real-time flight delay prediction system
that uses a trained XGBoost model with 88% accuracy to forecast delays based on flight details like date, airline, origin, and
destination. Integrated into a Flask-based web app, it provides instant predictions and suggests alternative flights if delays exceed 30
minutes.[16] The system also includes visualizations for better insight, offering a practical and user-friendly tool for passengers and
airline operators.

DISCUSSIONS:

The project “Predicting Airline Delays using XGBoost and random forest” includes several important discussions focused on
improving the accuracy and usability of flight delay prediction systems. It highlights the limitations of traditional methods and existing
machine learning approaches, such as low accuracy, lack of real-time data usage, and absence of user-friendly interfaces or alternative
flight suggestions. To overcome these issues, the project proposes a robust solution using the XGBoost algorithm, known for its speed
and precision in classification tasks. The discussion emphasizes the importance of data preprocessing, feature engineering, and model
evaluation in building a reliable predictive system. It also covers the integration of the model into a Flask web application for real-
time user interaction and introduces a unique feature—alternative flight recommendations for delays over 30 minutes.[4] Additionally,
the project discusses future improvements, such as including weather and live traffic data, enhancing model interpretability, and
deploying the system on cloud platforms. These discussions demonstrate a comprehensive understanding of both the technical and
practical challenges in flight delay prediction and offer a clear path for future enhancements.

CONCLUSION:

The conclusion of the project “Predicting Airline Delays using XGBoost and random forest” highlights the successful development
of an intelligent, real-time flight delay prediction system that effectively addresses one of the most common challenges in the aviation
industry. By leveraging the power of the XGBoost algorithm and historical flight data, the system accurately predicts whether a flight
will be delayed, achieving an accuracy of 88%. Integrated with a user-friendly Flask web application, the model allows users to input
flight details and receive instant predictions along with alternative flight suggestions if the delay exceeds 30 minutes. This project not
only enhances passenger experience by reducing uncertainty and enabling better planning but also supports airlines and airport
authorities in improving operational efficiency. Overall, the system demonstrates how machine learning can be applied to solve real-
world problems and serves as a strong foundation for future enhancements such as incorporating real-time weather data and expanding
functionality.

FUTURE SCOPE:

The future scope of the project includes integrating real-time data such as weather, air traffic, and maintenance logs to enhance
prediction accuracy. It can also incorporate tools like SHAP or LIME for better model interpretability. Additional features like
interactive dashboards, user alerts, and mobile support can improve usability. The system can be extended to assist with flight
scheduling and airport operations, and deployed on cloud platforms with continuous updates for real-world use.
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