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Abstract - Flight delays have long posed a challenge to the
aviation industry, disrupting schedules, increasing
operating costs, and frustrating passengers. Most current
prediction systems rely solely on historical data and rarely
adapt to real-time conditions or consider cybersecurity
risks. This paper presents a Secure Flight Delay
Prediction System integrated with Anomaly Detection.
The model leverages both historical and real-time data to
forecast potential delays accurately while safeguarding
sensitive flight information. Supervised machine-learning
models— Random Forest, XGBoost, and LSTM—predict
probable delays, while unsupervised algorithms such as
Isolation Forest and One-Class SVM detect irregular
operational anomalies. =~ The proposed system
demonstrates improved accuracy and robustness
compared with conventional models and introduces a
transparent, user-friendly interface for airlines, airports,
and passengers.
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I. INTRODUCTION

Air transportation is an essential pillar of global
connectivity, facilitating business, tourism, and
logistics across continents. However, flight delays
remain a chronic challenge in aviation management,
leading to billions of dollars in annual losses and
widespread passenger inconvenience. Causes of delays
range from weather fluctuations, technical faults, and
air traffic congestion to airport logistics and
maintenance issues.

Traditional prediction systems depend largely on
historical records, offering limited accuracy in the
face of sudden disruptions. Moreover, as aviation
increasingly digitizes operations, data security and
privacy protection have become critical concerns.
Breaches or unauthorized access to flight data can
compromise passenger safety and airline reputation.
To address these gaps, this study proposes a secure,
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intelligent flight delay prediction model with an
integrated anomaly detection layer. The model
combines supervised and unsupervised learning
techniques, real-time data ingestion, and
cybersecurity protocols to produce an accurate,
adaptive, and trustworthy prediction system.

A. Motivation

Airlines and airports handle massive volumes of data
daily. Harnessing this data effectively through
machine learning (ML) can transform decision-
making—optimizing schedules, minimizing
passenger inconvenience, and enhancing operational
resilience. Yet, without real- time adaptability and
secure data management, even the most accurate
models risk obsolescence or vulnerability.

B. Objectives
This project aims to:

1. Develop machine learning models that predict
flight delays using combined historical and live
datasets.

2. Integrate anomaly detection algorithms to
recognize rare or irregular flight events.

3. Implement robust cybersecurity practices across
all data handling processes.

4. Design an interactive, real-time dashboard for
end users.

II. LITERATURE REVIEW

This review underscores the necessity of combining
predictive analytics, anomaly detection, and secure
architecture—a direction pursued in this research.
Over the past decade, researchers have explored
multiple techniques for flight delay prediction.
Machine Learning Approaches: Models such as
Random Forest (RF), Gradient Boosting, Support
Vector Machines (SVM), and Artificial Neural
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Networks (ANN) have shown considerable success in
handling aviation datasets. RF is favored for
interpretability and resilience against overfitting, while
XGBoost improves performance through gradient
optimization. Deep learning models like Long Short-
Term Memory (LSTM) networks excel in time-series
modeling, capturing temporal dependencies between
flight schedules and delay patterns.

Feature Engineering and Data Integration: Studies
emphasize the inclusion of weather data, route
congestion, airline operational efficiency, and airport
traffic as key predictors. Feature engineering
techniques such as Principal

1. METHODOLOGY

The proposed framework consists of data acquisition,
secure preprocessing, predictive modelling, anomaly
detection, and deployment with visualization.

A. Data Collection

1. Historical Data: Sourced from FAA and Kaggle
datasets containing flight IDs, departure and
arrival times, airline, and delay causes.

2. Real-Time Data: Gathered from OpenSky
Network and OpenWeatherMap APIs for live
flight and weather information.

3. Operational Data: Includes airport congestion,
seasonal variations, and traffic density metrics.
Component Analysis (PCA) and Recursive Feature
Elimination (RFE) improve model scalability and

generalization.

Real-Time Data and IoT
introduction of IoT devices in aviation— engine

Integration:  The

sensors, GPS trackers, and air traffic management
systems—has enabled continuous

B. Data Security and Privacy
All data transfers use end-to-end encryption
(TLS/SSL). Sensitive attributes are anonymized.
Access is restricted via token-based authentication
and RBAC, and data at rest is secured using AES- 256
encryption. Compliance with GDPR ensures ethical
data use and user trust.

data streaming. APIs such as OpenSky Network
and OpenWeatherMap offer live feeds for dynamic
prediction, bridging the gap between static models and
adaptive intelligence.
Anomaly Detection:
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Recent literature highlights unsupervised models like
Isolation Forest, One-Class SVM, and Autoencoders
for identifying irregularities in operational data. This
help detect rare disruptions such as emergency
landings, abrupt weather changes, or maintenance
failures.

Security and Privacy: Predictive aviation systems must
comply with data protection standards like GDPR.
Techniques such as end-to-end encryption, role-based
access control (RBAC), and blockchain auditing
are increasingly recommended for safe data handling.

C. Preprocessing and Feature Engineering

Feature

Extraction —* Model

Input

RawData —> Cleaning — Normalization —

Fig 1: Data Preprocessing Steps include
e Handling missing values and duplicates.

e Encoding categorical variables such as airline
or airport codes.
e Normalizing continuous

temperature, wind speed).

attributes  (e.g.,

e Deriving new metrics like route distance,
weather severity index, and average airline delay.
Feature importance is evaluated using Gini
impurity and information-gain metrics to retain
impactful variables.

D. Machine-Learning Models

Three supervised algorithms were trained and tuned:

1. Random Forest (RF): Ensembles multiple
decision trees using bagging; prediction is the
average of all trees.

2. XGBoost: Boosting-based model optimizing a
regularized loss function for improved accuracy
and reduced overfitting.

3. LSTM Network: Captures sequential
relationships within time-dependent flight data,
making it ideal for temporal delay forecasting.

Training used an 80/20 train—test split with five- fold
cross-validation. Evaluation metrics included
Accuracy, Precision, Recall, F1-Score, and ROC-
AUC.
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E. Anomaly Detection Mechanism

To handle unexpected disruptions, unsupervised

models were employed:

e Isolation Forest: Randomly partitions data;
anomalies require fewer splits to isolate.

e One-Class SVM: Learns a boundary around
normal data and flags outliers lying beyond that
region.

Detected anomalies—Ilike abrupt weather changes or

equipment faults—are passed to the dashboard as real-

time alerts.

Data Preprocessing Prediction Anomaly

Sources Modeling Detection
Flight Random Isolation
Data —, —+  Forest —  Forest
Woather  _, Preprocessing XGBoost One-Class
fes M User
™ Dashboard
AP — — LST™™

L Secure Cloud Deployment _J

Visuakzation Dashboard
Fig 2: Flight Delay Prediction Flowchart

1. Data Layer: Flight and weather APIs, databases
(PostgreSQL/AWS S3).

2. Processing Layer: Preprocessing, ML models,
anomaly detection.

3. Security Layer: Authentication, encryption,
access logging.

4. Application Layer: Flask API backend and
Streamlit/React dashboard.

5. Feedback Layer: Continuous learning with
model retraining.

G. Deployment

The system is containerized using Docker and
deployed on AWS Cloud. RESTful APIs handle
client-server communication, and auto-scaling
maintains  responsiveness under high load.
Continuous integration and monitoring ensure

reliability.
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IV. RESULTS AND DISCUSSION

A. Model Performance

.. Fl-
Model Accuracy Precision Recall

Score

Random
0.85 0.82 0.79 0.80

Forest
XGBoost 0.87 0.84 082 0.83
LSTM 0.89 0.86 0.84 0.385

F. System Architecture and

Integration The architecture includes:

The LSTM model performed best due to its capacity
to capture temporal dependencies, while XGBoost
balanced interpretability and accuracy.
Incorporating weather and route features raised
accuracy by roughly 10% compared with baseline

models.

B. Effect of Anomaly Detection

Integrating the anomaly-detection layer improved
reliability by =12%. The system successfully
identified anomalies such as airport shutdowns or rapid
meteorological  shifts, reducing false-negative
predictions and providing early alerts.

C. Visualization and User Interface A responsive
dashboard display:

e  Real-time flight status and delay probability

o Confidence intervals and anomaly flags

e  Historical trend graphs and weather overlays
This design allows operational staff and passengers
alike to interpret predictions intuitively (Fig. I:
Dashboard Interface).

D. Security Validation

Pen-testing confirmed resilience against common
attacks (eavesdropping, SQL injection, privilege
escalation). Encrypted communication and RBAC
prevented unauthorized data exposure. Compliance
checks verified conformity with AWS Security
Guidelines and GDPR standards.

E. Comparative Analysis

Compared with legacy systems using only historical
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regression models, the proposed framework:
e Adapts to live data feeds in near real time.

e Detects anomalies proactively.

e  Provides transparent, explainable results.

VL.  CONCLUSION

This work presents a Secure Flight Delay Prediction
with Anomaly Detection, merging predictive
analytics, anomaly recognition, and cybersecurity into
aunified architecture. The hybrid model achieved high
accuracy, adaptability, and transparency while
ensuring secure data management.

By uniting supervised and unsupervised learning with
encryption and access control, the system not only
forecasts potential delays but also identifies emerging
anomalies in real time. Cloud- based deployment and
an interactive dashboard make it practical for airlines,
airports, and passengers.

Ultimately, this research demonstrates how Al and
security can converge to create safer, smarter aviation
operations—enhancing  punctuality,  optimizing
resources, and elevating passenger experience.

e  Maintains robust security throughout data flow.
These features collectively enhance reliability and
user trust.

V. FUTURE SCOPE

The project can be expanded in several ways:

1. Advanced Models: Adopt Transformer- based
architectures for long-sequence modeling and
improved temporal learning.

2. Automated Alerts: Integrate push notifications via
email/SMS for high-risk flights.

3. Multi-Modal Integration: Extend delay prediction
to interconnected transport systems (rail, road).

4. Explainable Al: Use SHAP or LIME for visual
explanation of model decisions.

5. Self-Learning Pipelines: Employ MLOps tools
like MLflow for automated retraining and version
control.

6. Ethical Auditing: Ensure bias mitigation and
fairness across airlines and geographic regions.
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