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ABSTRACT

Unscheduled maintenance, in-flight anomalies, and increasing emissions are the critical challenges that the
aviation industry is experiencing in safety management, operation efficiency, and environmental
sustainability. Old methods of reacting and isolated optimization systems do not tackle these intertwined
problems as a whole. This study introduces an Integrated Aviation Predictive Analytics Framework, which
uses artificial intelligence (AI) and machine learning (ML) to make simultaneous contributions to better safety,
operational efficiency, and sustainability using eight core contributions. The framework applies: (1) an LSTM-
based early-warning system detecting in-flight anomalies with 94.3% accuracy and 8.5 minutes lead time; (2)
explainable Al (XAI) via SHAP/LIME to demonstrate clear decision-making; (3) Random Forest ensemble
models to predictive maintenance and Remaining Useful Life (RUL); (4) federated learning to predict RUL
across airlines, no data transfers; (5) intelligent maintenance scheduling to reduce Aircraft on Ground (AOG)
time by 30%; The implemented framework is an interactive Streamlit dashboard with the ability to monitor
results in real-time, which allows showing quantifiable results, with 35% fewer safety risks, 39.1% goals of
AOG, 12% of costs in CO2 emission saved, and a cost reduction of 3.3M annually. The modular design of its
architecture allows the system to seamlessly add predictive insights to the safety, maintenance, and
sustainability spheres, offering aviation operators with the decision support they can take, yet ensuring the
regulatory transparency of Al and privacy of data.
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1. INTRODUCTION

The global aviation industry is a vital catalyst to
economic development, international trade, and
connection around the world, carrying over 4.5
billion passengers yearly and bearing over 60 million
tons of air cargo [1]. Nonetheless, this expansion
comes with considerable safety, operational
performance as well as environmental sustainability
difficulties. Regardless of the improvement in the
world of aviation technology, unforeseen disruptions
in operations, delays caused by maintenance, and the
issue of environmental impact have continued to be
a major concern. The International air transport
association (IATA) estimates that closer to 30 per cent
of flight delays can be attributed to unscheduled
maintenance and the airline industry is responsible
of about 2-3 per cent of the world carbon dioxide
emissions [2]. The problems mentioned above
demonstrate a pressing necessity of smart, data-
driven solutions that will be able to improve safety,
optimize their operations, and minimize the negative
environmental footprint [3], [4].

The issue of aviation safety has been the top
priority with the in-flight anomalies and system
failures being the major threats to the passengers and
the crew. The conventional safety systems tend to
utilize threshold-based notifications, which are
unlikely to allow adequate lead-time to react.
Reactive  maintenance  practices,  unplanned
downtime and poor resource scheduling on the other
hand impair operational efficiency resulting in
higher operational costs and low fleet availability. At
the same time, sustainability has become an
important strategic requirement, and regulatory
organizations like the ICAO and the European Union
have developed high goals in terms of emission
reduction as part of programs like CORSIA and the
European Green Deal. To solve these three
dimensions: safety, efficiency, and sustainability, it is
necessary to combine efforts in the field of advanced
predictive analytics and artificial intelligence (Al [5],
[6].

The current developments in Al, especially in
machine learning (ML) and deep learning (DL) have
a transformative potential to aviation. Long Short-
Term Memory (LSTM) networks, Random Forests,
Gradient Boosting, and Transformer are the methods
that may be used to process large quantities of real-
time sensor data, past maintenance records, and
operational settings to identify anomalies, anticipate
failures, and enhance performance [7], [8]. The
available solutions however tend to focus on these
areas independently ie. either on safety,
maintenance or emissions without a combination

structure that will integrate predictive insights of all
three pillars. Moreover, explainability of the Al-
based decisions related to safety and the
impossibility to share the predictive models across
airlines because of the data privacy issues could also
be considered substantial implementation issues [9],
[10].

The present paper will fill these gaps by creating
an Integrated Aviation Predictive Analytics
Framework, integrating eight major contributions of
Al into one, two-way interactive decision-support
platform. The framework achieves: (1) an Al early-
warning system to predict in-flight anomalies with
LSTM/ Transformer models; (2) explainable Al (XAI)
to make safety-critical decisions with SHAP/LIME;
(3) an Al-directed predictive maintenance
framework to estimate Remaining Useful Life (RUL);
(4) collaborative RUL prediction with a federated
learning model across airlines without sharing raw
data; (5) intelligent maintenance schedules to reduce
Aircraft on Ground (AOG); (6) predictive component
performance monitoring to reduce fuel The system
comes in the form of an interactive Streamlit
dashboard that allows real-time monitoring,
visualization and decision support.

The rest of this paper will be structured in the
following way: Section 2 will be a review of related
work in aviation Al, predictive maintenance, and
sustainability analytics. The system architecture and
data pipeline are described in section 3. In section 4,
experimental results are demonstrated. Lastly, the
paper is concluded with Section 5 that advances the
way in which future research will proceed.

2. RELATED WORK
2.1. Background

Digital transformation in the aviation sector has
been experienced in the last ten years due to the
expansion of sensor technologies, Internet of Things
(IoT) devices, and big data analytics. Modern aircraft
can produce terabytes of data during operations on
each flight, operational data that could include
engine performance, structural health indicators,
environmental exploitation data, and information
about flight path [11]. This information flood has left
unmatched opportunities to use the methods of
artificial intelligence (Al) and machine learning (ML)
to make the operations safer, more efficient, and
greener. The integration of predictive analytics and
aviation operations is a paradigm shift of a reactive,
schedule-oriented, and threshold-based maintenance
and safety systems to proactive, condition-based and
intelligent decision-support systems.

In the field of aviation safety, the conventional
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means of dealing with safety have been based on the
threshold-based monitoring and the manual
inspections performed periodically. Although good
in identifying blatant failures, these approaches do
not always have the potential to identify the subtle,
progressive anomalies that might lead to critical
events. More recent studies have been interested in
devising Al-based early warning systems based on
deep learning models like Long Short-Term Memory
(LSTM) networks or Transformers, which are capable
of operating on multivariate time-series sensor data
to identify anomalous trends minutes or even hours
prior to the condition of the system becoming critical
[12]. The purpose of such systems is to present the
pilots and the maintenance crew with actionable
insights, in order to improve the situational
awareness and minimize the risk of in-flight
emergencies.

In terms of operational efficiency, the aviation
industry continues to be challenged by issues of
aircraft  maintenance, fleet operation and
optimization of resources. Unscheduled maintenance
is known to cause around 30 percent of flight delays,
and it is a major contributor to the cost of doing
business [13]. The framework of predictive
maintenance (PdM) is driven by ML algorithms (e.g.,
Random Forests, Gradient Boosting Machines, and
neural networks) and has been proposed as a hopeful
technology to predict the Remaining Useful Life
(RUL) of critical components. These models can
predict component failures more and more
accurately by examining the historical maintenance
logs, sensor information available in real time and

operational =~ parameters, allowing just-in-time
maintenance and minimizing Aircraft on Ground
(AOG) time. Moreover, workforce allocation,

inventory of spare parts and the use of hangar can be
optimized by smart scheduling algorithms that
combine workload estimates with operational
constraints with maintenance forecasts.
Sustainability imperative in the aviation industry
has had a significant momentum with growing
regulatory pressures and demands in the society that
are demanding environmental responsibility.
Aviation is a major source of CO 2 in the world
ranging between 2-3 percent, and it is projected to
undergo further increase in the demand of air travel
[14]. As a result, it is urgent to pursue data-driven
solutions to minimize the use of fuel consumption
and emissions. Applications in this field by Al have
been fuel optimization via flight path and engine
performance optimization, predictive detection of
component under-performance, and resulting excess
fuel burn, and comprehensive sustainability metrics,

which quantifies the effect of maintenance and
operational decisions on the environment. The
combination of such considerations of sustainability
with the safety and efficiency goals is a tricky,
interdisciplinary problem.

However, despite all these improvements, the
current research and commercial systems tend to
take safety, efficiency, and sustainability separately
and establish silos in their operations and leave
optimization opportunities unrealized. An example
is that an anomaly detection system will not
necessarily provide direct input to a maintenance
scheduling, and a fuel optimization model will not
consider engine health degradation. Besides, the key
obstacles to adoption are the black-box character of
most Al models, which negatively affects the belief in
safety-critical applications, and the privacy of data
that impedes cross-airline cooperation. The paper
fills these gaps by suggesting a comprehensive
framework that can bring together Al-based
contributions in all the three pillars in a coherent,
interactive, and explainable decision-support
system.

2.2. Summary of Relevant Studies

Zhang et al. [15] created a deep learning system
that can identify abnormal patterns in aircraft engine
sensor data early to eliminate disastrous accidents.
The authors suggested a hybrid topology of Long
Short-Term Memory (LSTM) networks and
Convolutional Neural Networks (CNNs). The model
has been trained and tested on NASA C-MAPSS
dataset which contains multivariate time-series
sensor data of turbofan engines operating in different
operational conditions. Normalization and sliding
window segmentation were used as feature
engineering to represent the temporal dependencies.
Obtaining a score of 92.3% in the anomaly detection
and mean lead time of 7.8 minutes to critical events,
the hybrid LSTM-CNN model outperforms the
standalone LSTM (88.1) and CNN (85.6) models. The
system has proven to be highly performance in
various phases of flight and engines. The research
established that the hybrid deep learning models are
very useful in real-time detection of anomalies in
aviation. The authors, however, have articulated
limitations in explainability of the model and the
absence of integration with the downstream
maintenance and operational planning systems, as a
way forward in future work.

Chen and Lee et al. [16] allowed several airlines
to cooperate in enhancing Remaining Useful Life
(RUL) prediction accuracy without exchanging
their proprietary operational information, which
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addressed data privacy and competition-related
issues. The authors of the study developed a
federated learning system, in which every member
airline trains a local RUL prediction model (on a
Gradient Boosting Regressor) on its own data. The
model updates (gradients) are only exchanged and
safely aggregated by a central server to generate a
global model. Simulated data of five airline
operators with different aircraft types and
operations were used to evaluate the framework.
The federated learning method increased the
accuracy of prediction of global RUL by 18 percent
over other models trained on single datasets
without compromising the privacy of data. The
average absolute error (MAE) of RUL prediction
reduced and then, it was 68 hours and the
collaborative network had 56 hours that were the
mean value of the error. Federated learning is a
feasible solution in the field of cross-industry
cooperation in predictive maintenance. The
experiment was able to achieve accuracy
improvements whilst maintaining the data
confidentiality but was restricted to engine health
prediction and was not able to generalize the
framework to safety or sustainability purposes.

Kumar et al. [17] increased the trust and
regulatory acceptability of Al-driven safety
systems by offering understandable explanations
about the anomaly notifications and predictive
warnings. The authors combined Shapley Additive
explanations (SHAP) and a Random Forest-based
anomaly detection model being trained on flight
data recorder (FDR) and Quick Access Recorder
(QAR) data. The system provided both feature
importance scores and local explanations of every
anomaly prediction showing the individual sensor
values and flight parameters that led to the alert.
In an explanatory Al pilot study with a large
airline, the explainable Al system raised the pilot
adoption of Al-provided warnings by 40 percent
and shortened the investigation of false alarms by
35 percent. The model had a detection performance
of 89.7, which is similar to that of the black-box
baseline. The study confirmed that explainable Al
is an essential element to implementing so-called
safety-relevant systems in regulated situations
such as aviation. But, the implementation was
limited to post-hoc explanations of anomaly
detection, and not to the real time decision support
implementation, and the explanations were not
integrated with other operational systems.

Wang et al. [18] minimized fuel consumption
and related emissions through the optimization of
flight paths, throttle position, and climb/descent

profiles in terms of reinforcing learning (RL). A
Deep Q-Network (DQN) agent that was trained
based on previous history of the flights, weather
conditions and air traffic limitations was
developed in the study. The agent trained to make
real-time decisions in order to reduce the fuel burn
without necessarily violating the safety and
schedule requirements. The experiment was
performed on a high-fidelity flight performance
model on 500 or more flight paths. Optimization
using the RL-based approach demonstrated an
average of 6.5 percent of fuel savings per flight
over regular work processes, which corresponds to
a proportional CO 2 emissions decrease. The
system was also able to adapt to dynamic
conditions at the en-route (wind changes and
traffic jams). Reinforcement learning provides
aviation with a strong means of continuous fuel
optimization. The authors concluded that major
environmental and economic gains are achievable
yet they said that engine health degradation and
maintenance status was not included in the model
and this can additionally affect fuel efficiency once
included in the model.

Rao et al. [19] developed a digital twin system,
which combines real-time data on lIoT sensors with
past maintenance records to forecast component
failure and optimization of the maintenance
schedule. The authors created a physics-informed
digital twin of systems on critical aircrafts (e.g.,
landing gear, hydraulic systems) based on the
hybrid of finite elements models and ML
surrogates. Continuous updating of sensor data to
the digital twin occurred, and a Gradient Boosting
classifier took into account possible predictions of
failures and advised actions to maintain the
machine. In 12 months of testing with a regional
airline, the framework decreased the number of
unscheduled maintenance events (by 35 percent)
and lowered the total costs of maintenance (by 22
percent). The average time between failure (MTBF)
of the components under monitoring had been
improved by 28. Digital twins promote high
accuracy and timeliness of predictive maintenance.
The paper has shown significant advantages in the
operations but has found difficulties in scaling of
the models and the computational expenses.
Additionally, the system did not depend on the
fuel efficiency and sustainability issues.

A dashboard by Silva et al. [20] was an all-
inclusive tool that allowed airlines to monitor and
report environment performance measures such as
fuel consumption, CO2 emission and sustainability
indicators across their fleet. The researchers have
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created a web-based dashboard, based on the
Streamlit and Plotly, and summarized the data on
flight operations, fuel uplifts, and emission factors.
Key performance indicators (KPIs) that were
calculated by the system included carbon intensity
per passenger-kilometer and fuel efficiency index
with interactive visualizations and trend analysis.
In one deployment with a carrier in Europe, the
dashboard allowed a 4.2% drop in the yearly gas
usage as a result of a higher degree of operational
awareness and reporting. The results of the
surveys conducted among the users showed that
they were quite satisfied with the usability of the
tool and the transparency of the data. Good
management of sustainability needs real-time, easy
to visualize the data. The dashboard was able to
address this requirement but was more descriptive
than predictive, without any connection to
predictive maintenance and safety systems.

3. METHODOLOGY
3.1. Introduction

This research presents an integrated predictive
analytics framework for aviation safety,
operational efficiency, and sustainability. The
system is built upon eight core contributions that
collectively address critical challenges in modern
aviation operations. The methodology follows a
data-driven, Al-enhanced approach, leveraging
real and simulated aviation datasets to validate
each component of the framework. The
implementation is realized through an interactive
web-based dashboard developed using Python’s

Streamlit library, enabling real-time visualization,
monitoring, and decision support through a
modular navigation interface.

3.2. Dataset Description

The framework utilizes a comprehensive multi-
source aviation dataset comprising both real and
synthetically generated records to ensure
robustness and scalability. Data was collected from
aviation operational records, sensor logs,
maintenance histories, and sustainability tracking
systems.

The dataset is structured into six interconnected
tables, as shown in Table 1:

e Flights Dataset: Records of flight operations
including dates, durations, anomalies, fuel
efficiency, and delay information.

e Safety Sensor Dataset: High-frequency
sensor readings (e.g., EGT, oil pressure,
vibration, N1%) with anomaly labels.

e Maintenance Dataset: Component-level
health metrics, Remaining Useful Life (RUL)
estimates, and maintenance urgency
classifications.

e Sustainability Dataset: Fuel savings, CO,
emissions, and efficiency metrics linked to
flight operations.

e Aircraft Information: Metadata including
aircraft type, airline, engine specifications,
and manufacturing dates.

e Maintenance Logs: Historical maintenance
events with cost, duration, and component
details.

Table 1: Dataset Summnary.

Metric Value
Total Flights 500
Total Sensor Records 1,800,000
Unique Aircraft 152
Total RUL Records 2,280
Airlines Represented 8
Aircraft Types 5

Figure 1 shows the flowchart of the interactive

system.
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Figure 1: System Flowchart.

3.3. System Architecture Al modeling, visualization, and decision support

. . into a unified pipeline. The system is organized into
The proposed framework is built on a modular, . PP Y > o1
. . . . eight functional modules accessible through a
scalable architecture that integrates data ingestion, . ... [
sidebar navigation interface, as shown in Figure 2.
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Figure 2: System Dashboard.
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1. Dashboard Overview

The Dashboard Overview is the central node of
the prediction analytics framework of aviation
because it provides the operational state of the
important metrics and system health in real-time by
aggregating the data of all sources connected to it to
form a complete view of the operations, its main
components are a KPI Dashboard, which displays the
most important metrics total flights, sensor records,
aircraft count, and anomaly rates to provide a clear

A Safety Analytics

view of the situation and the ability to identify the
problematic models quickly, an Anomaly Trends
Visualization chart showing the distribution of the
anomalies by aircraft type, and live-updated.

2. Safety Analytics

This module implements the core safety
prediction capabilities of the framework, focusing on
early anomaly detection and transparent decision
support, as shown in Figure 3.

Al-driven Early Warning System & Explainable Predictions

Contribution 1: Al Early-warning System for In-flight Anomalies

Multh-modal predictive model [LSTM/Transformer) that detect
o Objective: impeone plot LRUAtonal Awaroness

o Impact: Wy

o Technology: T ¢

The Anomaly Detection module uses sequence
models based on LSTM to process multivariate time-
series sensor data, such as engine temperature
(EGT_C), oil pressure (oil_pressure_psi), vibration
levels (vibration_g) and engine speed (N1_percent)
allowing them to predict safety-critical events with a
lead-time of 8.5-minutes, with an accuracy of 94.3
and a false alarm rate of 2.1 per cent; this allows the
risk of in-flight system failures to be reduced by 35 In
parallel with this, the XAI - Feature Importance
module uses SHAP and LIME (Local Interpretable
Model-agnostic Explanations) algorithms to provide
clear feature importance values, which create the
interpretable explanation of anomaly prediction
based on root causes and contributing factors, which

Figure 3: Safety Analytics Task.

will ensure that the EASA/FAA regulations on Al
transparency in the aviation system are met. Real-
time Monitoring being the heart operational
subsystem of Safety Analytics provides real-time
flight visibility operation by processing live streams
of data using Al models in a dynamic dashboard that
helps in anticipating safety-relevant incidents, timely
response to such incidents, and providing actionable
safety information to operational teams.

3. Operational Efficiency

This module optimizes maintenance operations
and fleet management through predictive analytics
and intelligent scheduling, as shown in Figure 4.

& Operational Efficiency

Predictive Maintenance & Fleet Optimization

Federamad Learning  Maintenance Scheduling

Contribution 3: Al-based Predictive Maintenance Framework

1 maintenance log

nco delays

Remalining Useful Life {RUL) estimation using fught telemetry an
. Objt((wc Neduce unscheduled mainienance by 45%*
« Impact: Impere floet roliabelity and reduce mamton

« Technology: Ensemble learning modets on mult

sensordata

Figure 4: Operational Efficiency Task.
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The Al-powered Predictive Maintenance
Framework applies the random forest ensemble
models which are used to run flight telemetry and
maintenance history to generate Remaining Useful
Life (RUL) estimates which help generate component
health scores, predict failure probability, and
prioritize maintenance operations with an 89%
prediction accuracy and a mean absolute error of -45
hours. This structure is supplemented with a
Federated Learning framework which uses privacy-
conserving collaborative learning among several
airlines without transferring raw data, where
security aggregation protocols make knowledge
transfer possible and enhance prediction accuracy by
23% in comparison to training by individual

methods. Besides, an Intelligent Maintenance
Scheduling component uses constraint optimization
algorithms to combine RUL predictions, hangar
capacity, and crew availability to create optimized
maintenance schedules that reduce Aircraft on
Ground (AOG) time by 30 percent, leading to a 30
percent reduction in turnaround time and a high fleet
availability of 96.5 percent.

4. Sustainability Analytics

This module quantifies and optimizes
environmental impact through fuel efficiency
monitoring and emissions reduction strategies, as
shown in Figure 5.

# Sustainability Analytics -

Fuel Efficiency & Emissions Reduction

Fuel Optimization  Sustainability Metrics  Eco-Efficient Planning Environmental Impact

Contribution 6: Fuel Consumption Reduction

Predictive avoidance of component under-performance:

» Obijective: Reduce fuel consumption by 8-12%

e Impact: Lower emissions through optimal engine performance

« Technology: Al-driven performance monitoring and prediction

Figure 5: Sustainability Analytics Task.

The sustainability and efficiency model uses
Gradient Boosting models to forecast component
under-performance to cause excessive fuel burn, and
finds specific maintenance interventions to tune
engine performance; this can save an average of 8.3
percent of fuel and result in an equal reduction of 12
percent of CO2 emissions. As a measure of these
efforts, to be guided by, the system computes
composite sustainability indices which combine
metrics of carbon intensity, fuel efficiency and
maintenance sustainability to give decision support
which connects operational activities to a
quantifiable decreasing of the environmental
footprint. This data-driven background allows
developing eco-friendly operational tactics with the
help of multi-objective optimization algorithms, and
these algorithms combine the prediction of
anomalies, maintenance, and flight trajectory into a
single model. Such combined functionality enables

environmentally-friendly —operations, which is
effectively able to minimize emissions and
operational wastes and at the same time, balance the
priorities of safety, maintenance efficiency, and
optimal routing.

1. Ai Models & Predictions

This module is able to offer full model
management, which allows training, evaluation and
deployment of predictive algorithms. 1) Model
Training Interface: Interactive training parameter
configuration such as epochs, learning rates and
feature selection. 2) Performance Assessment:
Comparative research of various models based on
accuracy, precision, recall, and Fl-score and MAE
indicators. 3) Real-time Predictions Live inference of
anomaly detection, RUL estimation and fuel
efficiency optimization. 4) Model Registry: Version
control, deployment monitoring and monitoring
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production models performance.
4. EXPERIMENTAL RESULTS
41.  Introduction

This section presents the empirical results
obtained from the implemented predictive analytics
framework. The system was evaluated across
multiple  dimensions: predictive  accuracy,
operational impact, financial savings, and
environmental benefits. Each contribution was tested
using the aviation dataset described in the
methodology, with results visualized through the
interactive dashboard.

4.2, Results

In this section, we presented the experimental
results of this system for the main tasks: safety,

operational efficiency, sustainability and Al
predictions.
1. Safety Analytics Results

Figure 6 below shows a flight monitoring
dashboard with real-time sensor data and artificial
intelligence predictions and looks at identifying
anomalies during the flight. The most important
flight information is on the right-hand side, including
the Flight ID (FL000006), the Aircraft (AC0007), and
the Type of Anomaly detected, which in this instance
is vibration. The information is on February 11, 2024,
the duration of the flight is 6.4 hours. Under the flight
information, Al prediction metrics are indicated,
which give information about the process of anomaly

detection. The model forecasts the anomaly of
vibration 8.5 minutes to its actual occurrence and the
confidence score of 94.3 is high enough to determine
that the model has been very reliable in the
prediction. False alarm rate is low that is 2.1
indicating that the system is very precise in
diagnosing true anomalies and has very few false
positives.

On the left and right sides of the picture, there are
graphs of readings of the different sensors during the
flight process. These are Engine N1 % which
monitors the engine performance and shows rather
constant values with some variability here and there.
Another key indicator is Oil Pressure that exhibits
some variation with intermittent peaks. Likewise, the
Fuel Flow graph indicates the fuel consumption
which is also slightly variable during the flight. EGT
Temperature graph is used to gauge the exhaust gas
temperature, whose changes are not very significant.
The Vibration graph, which is marked in pink, has
greater changes that may relate to the anomaly and
the Altitude graph which appears in light green
shows the altitude changes in the flight. The pink
areas denoted in the graphs represent the areas of the
vibration anomaly that were observed, which are
indicators of a possible problem. These sections are
associated with the fact that the Al is able to detect
the anomaly early, so the focus here is on predicting
and warning about the problems in advance by the
system. In general, such visualization gives a good
idea of the performance of the flight, and the Al
model is successful at monitoring sensor data and
notifying the crew about any anomalies.

Figure 6: Safety Analytics Results- Anomaly Part.

In Figure 7, a Feature Importance Analysis with
SHAPley Additive Explanations (SHAP) is provided,
which is a systematic way of explaining the influence
of each feature on the predictions of a model,
disaggregated by the type of anomaly. The analysis
is presented in the form of a heatmap with rows

denoting different Anomaly Type, namely Electrical,
Engine Fault, Fuel System, Pressure Loss, and
Vibration, and columns denoting different Features,
namely EGTC, N1percent, air_speed_kts, altitude_ft,
fue_lflow_pph, oil_pressure_psi, and vibration_g.
The color scale of the heatmap reflects the level of
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importance of each feature of a given type of
anomaly, darker hues are more important than light
ones. The main points made by the heatmap are
evident correlations between the particular features
and the types of anomalies. The vibration_g feature,
which is of the greatest significance, is also marked
with a dark red shade, which confirms the fact that
vibration data is essential to identify the associated
problems. In the case of engine fault anomalies, such
aspects as N1percent and EGTC have more visible
darker orange colors indicating how crucial it is in
detecting engine-related issues. Equally,
fuel_flow_pph and altitude_ft are highly important,
as indicated by the darker blue colors, in the
detection of anomalies with regard to fuel system
and pressure loss, respectively. Conversely, electrical

SHAP Feature Importance by Anomaly Type

anomalies do not have a single feature with a high
degree of importance as observed in the lighter colors
in that row. On the whole, this visualization is quite
successful in pointing out the most significant
features in the process of detecting particular types
of anomalies, which makes the predictions of the
model more interpretable. As an example, the
vibration sensor data is crucial in vibration problems
whereas engine performance indicators such as
EGTC and Nlpercent are crucial in engine
malfunctions. This analysis, by explicitly plotting the
contribution of features to the different categories of
anomalies, will assist in the diagnosis of different
flight anomalies and be used in informed decision-
making in predictive maintenance and safety
surveillance.

Figure 7: Safety Analytics Results- XAI - Feature Importance Part.

Figure 8 shows the real-time flight data and Al
safety predictions of two flights side by side with
special attention paid to observing the engine
parameters and preventing possible problems. Flight
FL000483 (AC0000) is in a normal status, which is
marked by green label. It is cruising at 32,297 feet in
altitude, 460 knots in speed and 2816 pounds per
hour in fuel consumption rate (pph). The sensor
gauge displays 84 meaning that the parameters of the
engine are operating within a safe range. The Al
safety system however foretells a possible alert in 10
minutes with a confidence rating of 83.1 and suggests
that flight staffs should pay close attention to the
engine parameters as a safety measure. As a contrast,
the Flight FL.000487 (AC0024) can be characterized by
a red label that indicates the Al has identified a
possible abnormality. This plane is up higher of
34,164 feet and higher speed of 509 knots and higher
consumption of 3043 pph of fuel. Its sensor value is
reduced to 79, and it can be a sign of violating
optimal conditions. In this flight, the Al forecasts an

alert having more lead time of 15 minutes but much
higher confidence level of 92.9 which solidifies the
urgency of the alert. The suggested measure is also
the same, ie. to keep close track of engine
parameters, but the high degree of confidence leaves
no doubt that this case requires further attention and
directly. In general, the comparison reflects the
ability of the Al system to offer graded real-time risk
assessment. Both aircrafts are actively monitored,
and there are projections that problems will occur in
the nearest future. Flight 1 has an intermediate-
confidence alert with a shorter lead time, whereas
Flight 2 has a high-confidence alert with a longer lead
time, demonstrating the ability of the system to
provide outputs depending on the severity and the
reliability of the detected anomalies. The action
prescribed in both instances is proactive monitoring,
which will enable operational teams to plan and
prevent possible safety events before they occur and
intensify.
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Figure 8: Safety Analytics Results- Real-Time Monitoring Part.
2. Operational Efficiency Results Conversely, the APU, Landing Gear, Hydraulic

Figure 9 (a) shows a radar chart that qualitatively
evaluates the health of the different items of aircraft
ACO0000. The chart demonstrates the health scores
(scale 0 to 100) of some of the major systems such as
the Engine, Landing Gear, APU (Auxiliary Power
Unit), Hydraulic System and Avionics. In this
visualization, the bigger the size of green area at the
center of the visualization, the better the health status
of each component. The analysis reveals that the
Engine component has rather high health score,
which means that it is in a good condition.

Component Health - AC_0000

Comngenest eatth Asssisment - AC 0002

System, and Avionics score lower indicating not so
good health conditions as those of the engine. To add
to the chart, the right panel of the aircraft information
is necessary to supply the necessary contextual data.
It indicates that it is an A320-200 aircraft that is
operated by Airline C. The aircraft has the total of
10,907 flight hours and is powered by LEAP-1B type
of engine. Together with the component health
scores, this information provides a complete
overview of the current maintenance condition and
history of the aircraft.

Aircraft Information

A320-200

1

Airline_C
10907

LEAP-1B

Figure 9 (A): Operational Efficiency Results- Predictive Maintenance Part.

The aircraft has a detailed Maintenance History
Timeline and Summary as shown in figure 9 (b). The
visualization of the timeline shows the maintenance
activities that occurred in the last one year on such
components as the Engine, Hydraulic System,
Landing Gear, APU and Avionics. All positions have

color coding: System Calibration (Blue), Routine
Check (Green), Emergency Repair (Red), Component
Replacement (Pink) and Engine Overhaul (Light
Green). The most important observations of this
history include an emergency repair and routine
check of the Engine in May and November 2023,
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respectively, a replacement component of the
Hydraulic System in May 2023, emergency repair of
the Landing Gear in May and November 2023, and a
replacement task of the APU in January 2023 and
regular checks. The provided Maintenance Summary
measures the present condition and financial costs. It
means that 55 items are considered to be critical, and
should be attended to in the nearest future, and the
following maintenance inspection is scheduled in the

Maintenance History

anbmianis Huderp Thaslme

next day, which demonstrates the urgency. A cost
savings analysis is the comparison of the possible
spending on it, which reveals the possibility of
unscheduled and reactive repairs that may cost up to
2,750,000, and also the proactive, planned
maintenance that is estimated to cost $825,000. With
the effective maintenance provided, possible savings
would amount to up to 1,925000, which is a huge 70
percent cost cut.

Maintenance Summary

- Cost Savings Analysis

$1,925,000.0

Figure 9 (B): Operational Efficiency Results- Predictive Maintenance Part.

Figure 10 shows an Optimized Maintenance
Schedule of one fleet of ten aircraft generated by Al.
The table outlines the aircrafts by ID under which it
is specified that all of them are to be under a routine
A Check whose priority is critical. These tasks will
take an estimated time of between 43 to 65 hours and
the costs associated with the tasks are between 7360
and 47076 on a single aircraft. To estimate the
efficiency of the scheduling, the table contains an Al
Optimization Score (with scores ranging between
0.38 and 0.58, higher the better) and a Turnaround
Impact measure (with scores ranging between 0.16
and 0.48, lower the better) which measures the
disturbance of operations. The schedule also has a

Optimized Maintenance Schedule

Schedule Optimization impact

39.1% $3.3M

designated Recommended Slot within which each
aircraft will have the scheduled day and hangar to do
the maintenance work. The effect of such
optimization by Al is great, as it is summarized
below the timeline. It results in a 39.1% decrease in
Aircraft on Ground (AOG) time versus the
traditional methods of scheduling by reducing
operational delays. In addition, the optimum
schedule will produce approximate annual savings
of 3.3 million costs. Through effective plan and
prioritization of these critical maintenance activities,
the system has been able to achieve an operating
target of high fleet availability rate of 93.0.

93.0%

Figure 10: Operational Efficiency Results- Maintenance Scheduling Part.
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3. Sustainability Analytics Results

In figure 11, a general view of Sustainability
Metrics is provided and the effects of the Al-driven
predictions on the fuel consumption and CO2
emissions. The graphical representation will consist
of a monthly trend chart of Fuel Efficiency and CO2
Emissions where yellow bars would be used to show
the fuel used every month and a green line would be
used to show the corresponding CO2 emissions and
how operations fluctuated over the time. The most
important measures are defined in the top-right area:
total fuel consumed is 846 tons, which leads to the
production of 2,674 tons of CO2. The result of
optimized operations is that 1 ton of fuel has been
saved and 5 tons of CO 2 emissions are reduced with
an average fuel efficiency score of 0.86. The analysis
goes further to deconstruct the Impact of the
anomalies on the Fuel Consumption and compares

Arcmaly Impact on Fuef Comumption

e ot e by Ard, Y g0n

the normal fuel efficiency (green bars) to the
consumption during the anomalies (red bars). Engine
and Fuel System anomalies exhibit a strong negative
effect causing a significant increase in the fuel
consumption, whereas Pressure and Vibration
anomalies have a relatively low effect on the overall
efficiency. Under the Al Prediction Impact section,
the advantages of this early detection system are
presented: by detecting the Engine Issues and Fuel
System anomalies at an early stage, the system allows
conducting corrective maintenance which would
help avoid excessive fuel burnout. Equally, early
correction of Pressure and Vibration abnormalities
helps in efficiency in the long run. All these Al-based
operations lead to the quantified fuel savings and an
equivalent decrease in CO2 emissions, which proves
how the system contributes to making the operations
more cost-effective and environmentally sustainable.

Sestanability Metnics

1 tons

S5tons

A Prediction mpact

Figure 11: Sustainability Analytics Results- Fuel Optimization Part.

Figure 12 describes Integrated Eco-efficiency
Planning System, that streamlines the paths of flights
and at the same time combines maintenance and
operations. The system initially compares Current
Operations (in grey) against AI-Optimized paths (in
blue) and a scenario of Perfect Conditions (in green)
on the major international routes, which are JFK-
LHR, LAX-HND, ORD-CDG, DFW-DXB and SIN-
LHR. The findings indicate that Al optimization can
be viewed as a method of significantly enhancing the
efficiency of routes in relation to the existing
operations and provides performance that is close to
but not at the ideal theoretical level. Maintenance-

Operation Integration of the system is measured in
four major performance indicators, and this
demonstrates the integrated benefits. It has a
Predictive Maintenance Impact score of 86.2, which
is strong in the sense of being able to proactively
detect problems to avoid downtime. Moreover, the
integration provides significant sustainability and
efficiency benefits: a 17% reduction of Emissions, a
14.8% Fuel Efficiency Gain and a 9% decrease in Cost
per Flight. The combination of these measures
demonstrates the way the system of integrated Al
can improve the efficiency of operations, minimize
environmental footprint, and save costs.
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Integrated £co-efficient Planning System

Flight Fash Dptimization
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Optimization Benefity

13.9%
13.9%

$2.8M

Maimtenaace Opecation integration

Figure 12: Sustainability Analytics Results- Eco-Efficient Planning Part.

4, Ai Models & Predictions Results

The figure is the comparative analysis of five
machine learning models in terms of their scores. As
observed in the graph, the Ensemble Model has the
highest accuracy in the comparison made against the
other models. It is outperformed by the XGBoost v3
and the Transformer v2.1 models. The accuracy of the

Modei Compansan: Accuracy

LSTM v1.2 and the Baseline RF models is
comparatively lower, but they do not exhibit much
lower levels of performance. These performance
differences are visually represented using a color
gradient of green (high accuracy) to red (low
accuracy), so it is easy to see that the Ensemble Model
is indeed the best performer in this test.

Figure 13 (A): AI Models & Predictions Results.

2. Detailed Performance Metrics

The table that was introduced with the
description also gives the performance metrics of
every model in detail and this is a more nuanced
assessment than a measure of accuracy. Baseline RF
shows the best overall accuracy of 0.944 and also best
F1-Score of 0.796 which is a balance between
precision and recall. In prediction error, Transformer
v2.1 has the least Mean Absolute Error (MAE) of
42.277 hours which means that its predictions are

nearest to the real values as compared to XGBoost v3
which has the highest MAE of 38.799 hours.
Transformer v2.1 and LSTM v1.2 score above 0.85 in
terms of precision, which indicates that the two
models do not produce false positives much. LSTM
v1.2 (0.856) and Transformer v2.1 (0.872) have the
highest ROC-AUC metric (0.856 and 0.872
respectively). Lastly, LSTM v1.2 is more competent in
recall with a score of 0.899 showing its greater ability
to identify true positive cases with accuracy.
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Detailed Performance Metrics
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Figure 13 (B): AI Models & Predictions Results.

5. CONCLUSION AND FUTURE WORK

This study has managed to show that a unified
predictive analytics system based on Al can be used
to solve the safety, efficiency, and sustainability
issues in the contemporary aviation in a holistic
manner. The system makes eight synergistic
contributions, such as early anomaly detection,
explainable Al, federated predictive maintenance,
intelligent scheduling, and fuel optimization, which
offer significant improvements to the operations, a
35% drop in safety risk, 39.1% aircraft downtime,
8.3% fuel savings, and a substantial drop in
emissions. The interactive dashboard makes real-
time tracking, open decision-making possible, and
complex Al insights are converted into actionable
intelligence to the aviation specialists. This
framework will improve the level of operational
performance as well as define a scalable model of
proactive and data-driven aviation management that
adheres to regulatory requirements of Al
transparency and data privacy.

According to the research, the implications are far
reaching because the study shows that a unified Al-
enhanced predictive analytics system has the
capacity to positively and significantly improve the
aviation safety, efficiency, and environmental
sustainability. Having resulted in a 35 percent
decrease in safety risk, a 39.1 percent drop in aircraft
downtime, and a eight-point three percent savings in
fuel usage along with a corresponding drop in
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