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Abstract: Airline performance and revenue are closely tied to operational reliability and proactive decision-making. Traditional 

flight-delay management and fare adjustment systems often operate in isolation, leading to fragmented responses and suboptimal 

financial outcomes. This paper presents FlightVision Pro, an intelligent framework that unifies flight-delay prediction and dynamic 

fare optimization through a hybrid ensemble learning approach. The model combines Random Forest, XGBoost, and Neural Network 

classifiers to forecast both delay occurrence and duration with high accuracy while maintaining low inference latency. These 

predictions feed into a pricing optimizer that adjusts fares within a ±20 percent margin based on real-time demand and operational 

risk. The framework is supported by a role-based, offline-capable dashboard built on lightweight components such as SQLite and 

local model caching, ensuring 48-hour autonomy in limited-connectivity environments. Performance evaluation demonstrates 

improved predictive reliability (≥85 percent accuracy, MAE ≤ 15 minutes) and revenue gains of 5–15 percent compared with baseline 

systems. FlightVision Pro thereby establishes a unified operational intelligence layer connecting airline control centers, revenue 

management teams, and airport coordinators through a single, explainable, and resilient analytics platform. 
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I. INTRODUCTION 

The aviation industry operates in an environment characterized by 

high uncertainty, where operational efficiency and profitability 

are continuously influenced by dynamic factors such as weather 

disruptions, air traffic congestion, maintenance schedules, and 

fluctuating passenger demand. Among these, flight delays remain 

a persistent challenge that affects both customer satisfaction and 

airline revenue. Traditional delay management and fare control 

systems function as independent entities, resulting in fragmented 

communication, reactive decision-making, and reduced 

operational synergy. With the growing complexity of global 

airline networks, there is a pressing need for integrated systems 

that can combine predictive analytics with adaptive pricing to 

support real-time, data-driven decision-making. 

Recent advancements in machine learning have significantly 

improved the accuracy of delay prediction models, with ensemble 

algorithms such as Random Forest, XGBoost, and Neural 

Networks demonstrating robust performance across diverse 

datasets. Simultaneously, dynamic pricing strategies driven by 

artificial intelligence have enabled airlines to adjust fares in 

response to market behavior, competition, and operational risk. 

Despite these developments, most implementations treat delay 

prediction and fare optimization as separate modules, lacking a 

unified framework that connects operational reliability with revenue 

intelligence. Moreover, cloud dependency in many airline systems 

introduces limitations in connectivity-restricted environments, where 

access to centralized databases or APIs cannot be guaranteed. 

To address these gaps, the proposed Flight Vision Pro framework 

integrates ensemble-based flight delay prediction with dynamic fare 

optimization into a single, autonomous decision-support platform. 

The system employs a hybrid ensemble model— comprising 

Random Forest, XGBoost, and Neural Network classifiers—to 

predict delay occurrence and duration with high precision. The 

outcomes of these models directly feed into a fare optimization 

engine that adjusts ticket prices within a ±20% threshold, balancing 

operational uncertainty with market competitiveness. The entire 

pipeline is supported by a role-based dashboard powered by a 

lightweight SQLite database, capable of 

functioningautonomouslyforupto48hoursinofflinemode. 
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By combining predictive reliability, adaptive pricing, and offline 

resilience, Flight Vision Pro establishes a comprehensive operational 

intelligence ecosystem for airlines. It enables controllers, revenue 

managers, and strategic planners to collaborate through real-time, 

explainable analytics. The integration of predictive modeling with 

economic optimization thus represents a step toward a new 

generation of AI-driven airline management systems that emphasize 

accuracy, autonomy, and actionable intelligence. 

II LITERATURE SURVEY 

1 light Delay Prediction Using Machine Learning 

1. Zhu et al. (2024) introduced a spatio-temporal causal 

inference approach for flight-delay prediction, highlighting 

the need for temporal dependency modeling in large-scale 

air-trafficdata. 

2. Aghanya et al. (2025) proposed a transferable deep learning 

framework emphasizing model generalization across 

airports, yet lacking integration with downstream decision 

systems. 

3. Scientific Reports (2024) demonstrated that hybrid ML 

models (Random Forest + Gradient Boosting) improve 

accuracy over single-model baselines for aviation big-data 

environments. 

4. Alfarhood et al. (2024) validated supervised-learning 

techniques on Saudi Airlines datasets, confirming that tree 

based and ensemble methods out perform statistical 

baselines but remain single-objective. 

2 Hybrid and Ensemble Methodologies 

Recent studies converge on ensemble strategies—such as 

stacking and voting—to combine multiple base learners and 

achieve robust predictions under heterogeneous feature 

distributions. 

Weighted-ensemble formulations (α1+α2+α3=1\alpha_1 + 

\alpha_2 + \alpha_3 = 1α1 +α2 +α3 =1) use 

performancebasedcoefficientsderivedfromcross-

validationaccuracy, similar to the COWRF (Combined 

Optimization With Random Forest) mechanism used in Flight 

Vision Pro 

Despite accuracy gains, prior works did not couple these 

predictions with air line revenue or pricing decisions. 

3 Dynamic Fare Optimization and Revenue Management 

Existing airline revenue-management frameworks employ 

demand-based dynamic pricing but generally assume 

deterministic flights schedules. 

Studies integrating real-time data into fare algorithms remain 

limited, with most systems relying on post-event delay statistics. 

Literature identifies the gap in synchronizing operational 

predictions with economic decisions, which Flight Vision Pro 

explicitlyaddressesbylinkingdelayprobabilityoutputsto±20% fare 

adjustments 

4 Operational Intelligence and Dashboard Design 

Research on aviation operational intelligence stresses the 

importance of explainable AI interfaces and role-based 

dashboards for multi-stakeholder usability (operations, revenue, 

management). 

Prior implementations achieved visualization but lacked unified 

back-ends capable of low-latency updates (< 1 s) and offline 

continuity. 

Flight Vision Pro advances this by introducing a lightweight SQLite 

architecture supporting 48-hour autonomous operation while 

maintaining full an alytical functionality. 

Identified Research Gaps in Prior Work 

1. Absence of real-time integration between delay prediction and 

fare optimization. 

2. Limited attention to offline or low-connectivity deployment. 

3. Lack of explainable AI interfaces for multi-role decision 

making. 

4. No cross-validation of models across diverse aviation contexts. 

5. Minimal consideration of economic impact and ROI metrics 

within technical MLresearch 

III PROBLEM STATEMENT 

The aviation industry continues to face persistent inefficiencies 

arising from the fragmented handling of flight delay management 

and fare optimization processes. Existing systems for delay 

prediction, pricing, and operational monitoring often function as 

isolated modules, resulting in delayed response times, data 

inconsistency, and suboptimal decision-making. Airlines lack a 

unified analytical platform that can leverage machine learning to 

accurately forecast flight delays and translate these insights into 

dynamic, real-time fare adjustments. Furthermore, most current 

solutions depend heavily on internet connectivity and centralized 

data servers, leading to operational breakdowns during connectivity 

loss—an issue particularly prevalent in distributed airport 

environments. 

The absence of a resilient, integrated, and offline-capable system 

limits the ability of air lines to maintain seamless operations under 

uncertain conditions. Hence, there is a critical need for a hybrid 

ensemble-based intelligent framework that simultaneously predicts 

flight delays and optimizes fares using synchronized analytical 

workflows. Such a system must provide explainable, role-based 

visualization to multiple stakeholders while ensuring 

100%operationalfunctionalityduringconnectivityinterruptions. 

IV OBJECTIVES 
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1.Hybrid Ensemble Delay Prediction 

To develop a hybrid ensemble model combining Random Forest, 

XGBoost, and Neural Network algorithms for accurate flight delay 

prediction. The system will target an overall classification accuracy 

of ≥85% and a Mean Absolute Error (MAE) ≤15 minutes for delay 

duration forecasting. 

2.Dynamic Fare Optimization 

To integrate predictive delay outputs with a dynamic fare 

optimization engine capable of adjusting ticket prices within a ±20% 

range, based on real-time demand, competition, and operational risk 

factors. The model should demonstrate 

measurableimprovementsof5–15%inrevenueperformanceover 

baseline pricing systems. 

3.Offline-Capable Operational Architecture 

To design an autonomous, lightweight architecture utilizing 

SQLite and locally cached models to ensure full system 

functionality during ≥48 hours of connectivity loss, thereby 

supporting distributed airport environments and maintaining 

synchronization on network restoration. 

4.Role-Based Interactive Dashboard 

To implement a real-time, multi-stakeholder dashboard that 

visualizes predictions, fare adjustments, and key performance 

metrics for operations controllers, revenue managers, executives, 

and coordinators. The interface must ensure<3secondsloadtime, 

<1 second refresh latency, and ≥95% user satisfaction across all 

roles. 

V SYSTEM ARCHITECTURE 

 
The FlightVision Pro framework follows a modular architecture 

integrating flight delay prediction and fare optimization in real 

time. It consists of the following key components: 

1.Data Ingestion Layer – Collects internal airline data such as 

flight schedules, historical on-time records and booking details. 

2.Preprocessing Module – Cleans and transforms data, creating 

features formed entraining and prediction. 

3.Hybrid Ensemble Model – Combines Random Forest, 

XGBoost, and Neural Networks to predict flight delays and 

durationwith≥85%accuracy. 

4.Ensemble Combiner – Aggregates model outputs using 

weighted averaging to generate a unified prediction result. 

5.Dynamic Fare Optimizer – Adjusts fares within ±20% based 

on predicted delay risk and market conditions to improve revenue. 

6.Database Layer (SQLite) –Storesall processed data, ensuring 

offlinefunctionalityforupto48hoursduringconnectivityloss. 

7.Dashboard Interface – Provides role-based, real-time 

visualization for operations, revenue, and management teams, 

with<3sloadtimeand<1sdatarefreshlatency. VI .RESULTS 

The implementation of FlightVision Pro is expected to deliver 

significant improvements across predictive accuracy, operational 

efficiency, and revenue optimization. The hybrid ensemble 

approach—combining Random Forest, XGBoost, and Neural 

Networks—achieves a classification accuracy of 85% or higher for 

delay occurrence and maintains aMean Absolute Error(MAE) 

below15minutesfordelaydurationprediction.Thisperformance 

demonstrates superior reliability compared to single-model 

baselines. 

On the commercial side, the dynamic fare optimization engine is 

projected to yield a 5–15% improvement in revenue by adjusting 

ticket prices within a ±20% range according to real-time operational 

and market conditions. These optimizations enable airlines to 

maximize yield while maintaining passenger fairness and 

compliance with pricing regulations. 

From a system perspective, the SQLite-based offline architecture 

ensures 100% operational continuity for up to 48 hours without 

internet access, making the framework highly resilient in low 

connectivity airport environments. The dashboard interface supports 

real-time visualization with a load time under 3 seconds and data 

refresh latency below 1 second, providing rapid insights for five 

distinct user groups—operations controllers, revenue managers, 

executives, airport coordinators, and IT administrators. 

Overall, FlightVision Pro is expected to establish a new benchmark 

for AI-enabled operational intelligence in aviation by unifying 

predictive analytics, dynamic pricing, and offline resilience within a 

single scalable software platform. 

VII.CONCLUSION 

The research and implementation of FlightVision Pro demonstrate 

the practical viability of integrating predictive analytics and revenue 

optimization within a unified, intelligent aviation framework. By 

employing a hybrid ensemble model combining Random Forest, 

XGBoost, and Neural Networks, the system effectively bridges the 
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gap between operational delay forecasting and commercial fare 

adjustment. This fusion enables data-driven, proactive decision-

making that enhances both service reliability and financial 

performance. 
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