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Abstract: This paper presents the 

implementation of the Advanced Aircraft Engine 

Failure Prediction System, a data-driven approach 

aimed at improving aviation safety and operational 

efficiency through machine learning. Building on 

the foundational concepts discussed in the review 

paper, this study details the development, 

integration, and testing of the prediction system 

using real-time and historical sensor data, 

including temperature, pressure, vibration, and fuel 

flow. We focus on the practical challenges 

encountered during system deployment, such as 

data preprocessing, feature engineering, and model 

optimization. By evaluating the performance of 

various machine learning algorithms in predicting 

the Remaining Useful Life (RUL) of engine 

components, this paper demonstrates the real-

world application of the system, offering insights 

into its accuracy, reliability, and efficiency. The 

results underscore the potential of predictive 

maintenance strategies in reducing aircraft 

downtime, optimizing maintenance schedules, and 

cutting operational costs, contributing to safer and 

more cost-effective aircraft operations. 
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I. INTRODUCTION 

The Advanced Aircraft Engine Failure 
Prediction System project seeks to improve aviation 
safety and operational efficiency by leveraging 
machine learning techniques. The project evaluates 
and compares the performance of various machine 
learning models for predicting aircraft engine 
failures and identifying maintenance requirements. 

By analysing both real-time and historical sensor 
data—such as temperature, pressure, vibration, and 
fuel flow—the system detects early signs of engine 
degradation. The primary focus is on assessing the 
accuracy, reliability, and efficiency of different 
algorithms, including both classification and 
regression models, in forecasting the remaining 
useful life (RUL) of engine components. Through 
this comparative analysis, the project offers 
valuable insights into which models provide the 
most effective predictive maintenance strategies, 
helping to optimize maintenance schedules, reduce 
unplanned downtime, and minimize operational 
costs. Ultimately, the project contributes to the 
development of data-driven, proactive maintenance 
solutions aimed at enhancing safety and promoting 
cost-efficient aircraft operations. 

II. RELATED WORKS 

 

Table 1: Literature Survey 

 

Title Authors Year Key Findings 

Failure 
Prediction 
of Aircraft 
Equipment 
Using 
Machine 
Learning 
with a 
Hybrid Data 
Preparation 
Method 

Kadir 
Celikmih, 
Onur Inan, 
Harun Uguz 

2020 A hybrid data 
preparation 
approach 
improves 
machine 
learning 
accuracy in 
predicting 
aircraft 
equipment 
failures, with 
Linear 
Regression 
performing 
best. 

Aero-
Engine 

Yusra 
Abdulrahman; 

2023 Deep learning 
models, 
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Blade 
Defect 
Detection: 
A 
Systematic 
Review of 
Deep 
Learning 
Models 

M. A. 
Mohammed 
Eltoum; 
Abdulla 
Ayyad; Brain 
Moyo; Yahya 
Zweiri 

including 
CNNs, 
YOLO, and 
Mask R-
CNN, show 
high accuracy 
in detecting 
aero-engine 
blade defects. 

A rare 
failure 
detection 
model for 
aircraft 
predictive 
maintenance 
using a deep 
hybrid 
learning 
approach. 

Maren David 
Dangut, Ian 
K. Jennions, 
Steve King & 
Zakwan Skaf 

2022 Hybrid 
predictive 
maintenance 
model 
combining 
autoencoders 
and a 
Convolutional 
BGRU 
network, 
improving 
rare failure 
detection in 
aircrafts. 

 

 

 

Prediction of 
Aero-Engine 
Remaining 
Useful Life 
Combined 
with Fault 
Information 

Chao 
Wang, 
Zhangmin
g Peng and 
Rong Liu 

202
2 

Predicting 
aero-engine 
RUL by 
incorporatin
g fault data, 
using a CNN 
and BIGRU 
model, 
which 
significantly 
improves 
prediction 
accuracy. 

Architecture 
and 
Algorithm 
Design for 
Civil 
Aviation 
Data Real-
Time 
Analysis 
System 

Yifeng 
Zhang , Qi 
Xi , Jing 
Wang, and 
Shuhuai 
Gu 

202
3 

Real-time 
civil 
aviation data 
analysis 
system, 
using the 
Kappa 
architecture 
and machine 
learning 
models like 
CO-
Transformer 
and LSTM. 

A Digital-
Model-
Based 
Approach 

Bowen 
Wang; 
Shuyan 

202
4 

Using 
simulations 
to predict 
EM 

for Defining 
HIRF 
Immunity 
Design 
Requirement
s of 
Commercial 
Aircraft 
Engine 
Control 
Systems. 

Zhang; 
Zhe Zhang 

responses 
and enhance 
reliability, 
reducing 
costs and 
developmen
t time. 

Review of 
High Power 
and High 
Voltage 
Electric 
Motors for 
Single-Aisle 
Regional 
Aircraft. 

Pablo 
Alvarez, 
Marco 
Satrústegui
, Ibón 
Elósegui, 
Miguel 
Martinez-
Iturralde 

202
2 

Highlighting 
challenges 
like power 
density and 
thermal 
managemen
t, and the 
potential of 
electric 
propulsion 
for reducing 
emissions 
and noise in 
aviation. 

 

III. PROPOSED WORK 

The implementation begins by loading and 

preprocessing the dataset, which involves scaling 

the features using MinMaxScaler and reshaping the 

data for LSTM input. It defines functions for 

generating training and test sequences, followed by 

building an LSTM model with two layers and 

dropout for regularization. The model is trained on 

the training data with early stopping based on 

validation loss. Finally, the model's performance is 

evaluated on both the training and test sets, and the 

results are visualized by plotting the predicted 

versus true Remaining Useful Life (RUL) values. 

 

A. Data Preparation 

 

Reading Data: 

 

Training and testing data are loaded into Pandas 

DataFrames. 

Columns are labeled as per defined schema 

(index_columns_names, 

operational_settings_columns_names, and 

sensor_measure_columns_names). 

 

Feature Engineering: 

 

A new column, RUL, is computed as the difference 

between the maximum cycle for a unit and its 

current cycle in the training set. 
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Certain columns are dropped to simplify the 

dataset. 

 

Scaling Features: 

 

The features are scaled using MinMaxScaler to 

normalize data into a range of [-1, 1], ensuring all 

features have similar variances. 

 

B. Data Transformation for LSTM 

 

LSTM Input Requirements: 

 

LSTM expects data in 3D format and the following 

helper functions are used: 

gen_train: Converts training data into sequences of 

length seq_length (50) for each unit. 

gen_target: Extracts corresponding target values 

for the sequences. 

gen_test: Masks and pads test data to create a single 

sequence per unit. 

Generated Data: 

 

Training data (x_train, y_train): Contains 

sequences and corresponding RUL values. 

Test data (x_test, y_test): Test sequences and true 

RUL values from another file. 

 

C. LSTM Model Architecture 

 

Model Definition: 

 

An LSTM network is defined with: 

Two LSTM layers (units=100 each), one returning 

sequences and the other not. 

Dropout layers (rate=0.2) for regularization. 

A Dense output layer with ReLU activation to 

predict the RUL. 

Compiled using Mean Squared Error (MSE) as the 

loss function and the RMSprop optimizer. 

 

 

Model Training:  

 

Trained on x_train and y_train for 100 epochs with 

early stopping after 10 epochs of no improvement 

in validation loss. 

D. Model Evaluation 

Performance Metrics: 

 

Evaluate the model on: 

Training data (x_train, y_train) to assess 

overfitting. 

Test data (x_test, y_test) to measure generalization. 

Mean Squared Error (MSE) is used as the metric. 

 

Predictions: 

 

Predicted RUL values for the test set are compared 

against true RUL values. 
 

IV. RESULTS AND DISCUSSION 

 

1. Binary Classification (Failure Prediction): 

 

Accuracy: 

 

Training and validation accuracy improved across 

epochs, reflecting a successful learning process. 

 

 

F1 Score: 

 

A high F1 score indicated a balance between 

precision and recall, essential in imbalanced 

datasets. 

 

 

Confusion Matrix: 

 

Demonstrated good predictive capability, with 

most predictions aligning with the true labels. 

 

 

ROC-AUC Curve: 

 

The area under the curve (AUC) showed robust 

model performance, with the optimal threshold 

identified for decision-making. 

 

 

2. Multiclass Classification (Failure Severity): 

 

Accuracy: 

 

Training and validation accuracy trends showcased 

effective multiclass predictions. 

 

F1 Score: 

 

Achieved a macro-average F1 score, ensuring all 

classes were considered equally. 

 

 

Confusion Matrix: 

 

Highlighted accurate classification across the three 

failure severity labels. 
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Loss and Accuracy Plots: 

 

Demonstrated consistent reduction in loss and 

improvement in accuracy across epochs, validating 

the effectiveness of the model architecture. 

 

Further discussing the results of our work, 

1. Performance Analysis: 

 

The use of Simple RNN layers combined with 

dense layers successfully captured temporal 

patterns in the engine sensor data. 

 

Class weights effectively addressed the class 

imbalance, ensuring the minority class predictions 

were not overshadowed by the majority class. 

 

 

2. Handling Class Imbalance: 

 

Assigning higher weights to underrepresented 

classes during training improved the model's 

ability to predict rare failure events, as evidenced 

by the improved F1 score and ROC-AUC metrics. 

 

 

3. Evaluation Metrics: 

 

The F1 score and confusion matrix provided 

insights into the trade-offs between precision and 

recall, especially for imbalanced classes. 

 

The ROC-AUC curve and threshold identification 

guided optimal decision-making for binary 

classification. 

 

 

4. Model Generalization: 

 

Validation accuracy trends indicated good 

generalization without overfitting, supported by 

the use of early stopping during training. 

 

 

5. Limitations and Improvements: 

 

The Simple RNN architecture may struggle with 

long-term dependencies. Using LSTM or GRU 

networks could improve performance further. 

 

Feature selection could be refined further, possibly 

leveraging automated feature importance 

techniques. 

 

Increasing the dataset size or augmenting the data 

could enhance the model's robustness. 

 

 

6. Real-World Implications: 

 

The model demonstrates significant potential for 

real-time predictive maintenance, enabling 

proactive measures to prevent costly engine 

failures. 

 

It provides insights into remaining useful life 

(RUL) estimation and failure severity 

classification, ensuring operational safety and 

efficiency. 

 

 

This highlights the strengths of the current 

approach while suggesting pathways for future 

improvements, ensuring adaptability in real-world 

scenarios. 

 

 
Figure 1: RUL Prediction using LSTM  

 

 
Figure 2: Binary Classification using RNN 

 

 
Figure 3: Multiclass Classification using RNN 

 

V. CONCLUSION 

In conclusion, the Advanced Aircraft Engine 

Failure Prediction System project demonstrates the 

valuable application of machine learning in 

forecasting aircraft engine failures, emphasizing 

the comparison of various algorithms' 

performance. By leveraging a rich dataset from 
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engine sensors, including temperature, pressure, 

vibration, and fuel flow, the project evaluates the 

effectiveness of multiple predictive models in 

estimating the Remaining Useful Life (RUL) of 

engine components. The models tested include 

classification and regression techniques like 

Recurrent Neural Networks and Long-Short Term 

Memory (LSTM). 

 

The comparative analysis reveals key insights into 

the trade-offs between different models in terms of 

accuracy, computational efficiency, and scalability 

for real-world aviation maintenance applications. 

Notably, the results underscore the importance of 

choosing the right algorithm to balance predictive 

performance with the operational constraints of 

real-time engine monitoring. Factors such as model 

speed, data handling capacity, and ease of 

integration with existing systems are essential 

considerations for operational implementation. 

 

This project highlights the significance of 

proactive maintenance, as selecting the appropriate 

machine learning model can drastically improve 

the prediction of failures, optimize maintenance 

scheduling, and reduce unplanned downtime. By 

predicting engine component failures with greater 

accuracy, airlines can achieve more efficient 

resource allocation, reduce operational costs, and 

improve overall safety and reliability. The insights 

gained from this study are not only relevant for the 

aviation industry but also provide a foundation for 

implementing predictive maintenance systems in 

other sectors with complex machinery. 

 

In summary, this project advances the capabilities 

of predictive maintenance in aviation, offering a 

data-driven approach that can minimize 

maintenance costs and enhance operational 

efficiency. By integrating machine learning into 

real-time engine monitoring, airlines can benefit 

from a more proactive, cost-effective maintenance 

strategy, improving safety, reliability, and 

performance in the long term. 
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