Predictive Analysis of Aircraft Engine Lifespan: Leveraging Neural
Networks on NASA's C-MAPSS Dataset

Abstract

This research paper explores the application of neural networks for predictive maintenance of
aircraft engines, focusing on the estimation of their Remaining Useful Life (RUL). Using the
NASA C-MAPSS dataset, a rich resource in predictive maintenance, the study explores the
effectiveness of linear regression and neural network models in forecasting engine RUL. The
motivation behind this project was to enhance aircraft safety, extend engine lifespan, and
optimize maintenance schedules, thereby reducing operational costs. The initial phase involved
linear regression to establish a baseline understanding, followed by the development and
iterative enhancement of a neural network model. The results indicated satisfactory
performance on the initial dataset, such that it performed with little loss, but revealed challenges
in generalizing across different datasets, such that it performed with exceedingly more loss
compared to the first dataset, pointing towards the need for more adaptive modeling and feature
engineering strategies.

Introduction

The efficient operation and safety of aircraft heavily rely on timely engine maintenance.
However, predicting the precise point of maintenance needs comes with challenges. [4] In the
evolving era of data-driven decisions, leveraging large datasets to predict maintenance intervals
can transform the aviation and aerospace engineering industry. The central motivation behind
this research project is to enhance flight safety, extend engine lifespan, and optimize
maintenance schedules ultimately lowering costs in the long run.The goal was to target this
problem was to develop a predictive model that accurately determines the remaining usabile life,
or RUL, of aircraft engines.

To achieve this, | utilized the C-MAPSS dataset from NASA, which uses extensive aircraft
engine performance metrics. In this predictive model, regression techniques are employed to
estimate a continuous output, the RUL of aircraft engines. The output is quantified in terms of
the number of operational cycles remaining before the engine requires unscheduled
maintenance or is on the brink of failure. Through this, we aim to forecast the RUL with an
appreciable level of accuracy and precision, fostering an effective predictive maintenance
strategy that significantly improves aircraft engine reliability and longevity.

Background



The domain of predictive maintenance for aircraft engines has witnessed a spectrum of
methodologies leveraging machine learning and neural network technologies. A notable
approach is the Alarm-based Predictive Maintenance Scheduling proposed by Ingeborg de
Pater, which introduced a dynamic framework for managing a fleet of aircraft, taking into
account imperfect Remaining Useful Life (RUL) prognostics. The prognostics are updated
periodically, and alarms are triggered to aid in maintenance decision-making. This methodology,
although innovative, relies on the accuracy of RUL prognostics, which might exhibit a margin of
error impacting the effectiveness of the maintenance schedules.

Another intriguing model is presented by a team of four students at the Moscow Aviation
Institute, wherein a Maintenance Repair and Overhaul strategy encompassing a predictive
maintenance unit is designed [5]. Within this model, an artificial neural network serves as a key
maintenance tool, facilitating predictive maintenance before fault detection, potentially
minimizing unscheduled downtimes. This model broadens the scope of predictive maintenance
by integrating it within the overarching maintenance, repair and overhaul strategy, portraying the
utility of neural networks in maintenance domains.

Dataset

The dataset utilized for this project is the C-MAPSS dataset (Commercial Modular
Aero-Propulsion System Simulation), a well-regarded resource in the domain of predictive
maintenance for aircraft engines. The C-MAPSS dataset is derived from four different engines
from a simulated fleet of aircraft operating under various conditions, which makes it an
invaluable resource for developing and validating predictive maintenance algorithms.

The dataset is designed to model run-to-failure trajectories, encompassing a substantial number
of samples representing varying operational conditions and fault modes. In terms of features,
the dataset comprises 24 features, which include 21 sensor readings that measure different
aspects of engine status such as temperature, pressure, and speed, along with three
operational settings that correspond to different engine operational conditions. The description
of each sensor measurement and feature can be found in the figure below.



Sensor Number Symbol Description Units Trend

1 T2 Total temperature at fan inlet °R ~
2 T24 Total temperature at LPC outlet ‘R T
3 T30 Total temperature at HPC outlet °R ]
4 T50 Total temperature at LPT outlet °R 1
5 P2 Pressure at fan inlet psia ~
6 P15 Total pressure in bypass-duct psia ~
7 P30 Total pressure at HPC outlet psia l
8 Nf Physical fan speed rpm ]
9 Nc Physical core speed rpm T
' 10 epr Engine pressure ratio - ~
11 Ps30 Static pressure at HPC outlet psia T
12 Phi Ratio of fuel flow to Ps30 pps/psi .
13 NRf Corrected fan speed rpm T
14 NRc Corrected core speed rpm l
15 BPR Bypass ratio - T
16 farB Burner fuel-air ratio - ~
17 htBleed Bleed enthalpy - T
18 Nf_dmd Demanded fan speed rpm ~
19 PCNfR_dmd Demanded corrected fan speed rpm ~
20 W31 HPT coolant bleed Ibm/s l
21 w32 LPT coolant bleed lbm/s ]

Table: Sensor Measurements from C-MAPSS Dataset [3].
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Data Processing and Feature Engineering:

The raw data from the C-MAPSS dataset underwent a series of preprocessing and feature
engineering steps to make it suitable for training the neural network model. Initially, the data was
cleaned to handle missing or erroneous values. This meant that | needed to add custom



headings to the dataset since it came in a raw text file. Since the original copy of the dataset
was not formatted correctly, there were many erroneous values that needed to be dropped from
the table. | made these decisions so that it's much more efficient when it comes to feature
engineering, such as calculating standard deviation values, obtaining the max cycles, or the
mean values of each column. Subsequently, the mean and standard deviation of each column in
the dataset were computed. These statistical measures were chosen to capture the central
tendency and dispersion of the sensor readings and operational settings, which are crucial for
understanding the behavior and health status of the engines.

In addition to computing the mean and standard deviation, these two sets of values were
combined to form a new set of features. This was done to provide the model with a richer
understanding of the data distribution and to capture potential interactions between the mean
and standard deviation of the different features.

Furthermore, additional columns were introduced to the dataset. These additional features were
engineered based on the calculations of max cycles so that we can create a linear regression
model for RUL prediction. The goal was to provide the model with a more comprehensive view
of the engine's operational state, thereby enhancing the model's ability to accurately predict the
Remaining Useful Life (RUL) of the engines.

Methodology/Models

The primary objective of this research is to develop a robust predictive maintenance model
capable of accurately estimating the Remaining Useful Life (RUL) of aircraft engines. To achieve
this, an experimental approach was employed which initially involved implementing a linear
regression algorithm followed by the development of a neural network model.

Linear Regression Analysis

Our initial analysis began with linear regression to form a basic understanding of the relationship
between the engine's operational features and its Remaining Useful Life (RUL). Linear
regression was selected for its direct approach, providing an easy-to-understand model of the
variable relationships. However, this model had limitations; it assumed a linear relationship and
struggled to capture the complex, non-linear interactions within the aircraft engine data. Our
observations revealed high bias and underperformance, especially in handling the variability
and intricacies of the dataset, which a simple linear model could not accommodate.

Through this process, we learned the importance of model selection in predictive maintenance
and the value of using more sophisticated tools to address non-linearity in data. The
insufficiency of the linear regression model to handle the dataset's complexity was a key finding
that motivated our move towards implementing a neural network, which we hypothesized would
be better suited for capturing the nuanced patterns of engine wear and operational variability.



Neural Network Implementation
With the linear regression analysis, a neural network model was developed to capture the

nonlinear relationships inherent in the data, which were anticipated given the complex dynamics
of aircraft engines.

Feature Layer Hidden Dense Layer Hidden Dense Layer Output Layer
64 Neurons 32 Neurons 1 Neuron
RELU RELU

Diagram: Neural Network Architecture for RUL Prediction

The neural network was trained using the training subset of the dataset, employing a suitable
optimization algorithm to minimize the error between the predicted and actual RUL values. |
specifically used the Adam optimization algorithm for training the neural network. Adam is
known for its efficiency with large datasets and sparse gradients. It dynamically adjusts the
learning rate during training, which helps in quickly finding the optimal solutions and can lead to
better convergence than other methods. [6] The training process was monitored to prevent
overfitting, ensuring that the model could generalize well to unseen data.The model's
performance was validated using a separate validation dataset, and subsequently tested using
the testing dataset. This ensured a robust evaluation of the model's predictive accuracy and its
potential applicability in a real-world scenario.

Post training, a feature importance analysis was conducted to understand the contribution of
each feature towards the prediction of RUL. This analysis provided insights into the most
influential features, further enhancing the understanding of the engine's operational health and
aiding in future model refinement. | found that the first sensor measurement was the most



important feature and had the biggest impact on both my linear regression and neural network
model.

Results

The experimental journey involved an iterative process of model training, evaluation, and
enhancement across different datasets within the C-MAPSS collection. The predictive model
initially exhibited promising performance on the first dataset. However, the performance
significantly dwindled on the subsequent datasets, indicating a lack of generalization across
varying operational conditions and fault modes represented in the different datasets.

Several metrics were employed to evaluate the model's performance, with Mean Absolute Error
(MAE) being the primary metric. The hyperparameters including the number of layers, neurons,
and the epoch number were initially set to a standard configuration (two hidden layers with 64
neurons each, 20 epochs). The batch size was set at 64 for training the model.

Initially, a predictive model was developed and tested on a single dataset from the C-MAPSS
collection. The model exhibited decent accuracy in predicting the Remaining Useful Life (RUL)
of aircraft engines within this specific dataset. However, upon testing the model on other
datasets within the C-MAPSS collection, it was observed that the model's predictive accuracy
significantly diminished. This indicated that the initial model was overfit to the particular
characteristics of the first dataset and lacked generalization capability across varying
operational conditions and fault modes represented in the other datasets.

In light of this, an iterative feature engineering and model training approach was adopted to
enhance the model's generalization capability across all datasets. Feature engineering was
looped through all datasets to ensure that the extracted features were representative and
informative across varying conditions. This involved recalculating the mean and standard
deviation values for each column in the table, as well as revisiting and possibly modifying any
additional engineered features to ensure consistency and relevance across all datasets.

Subsequently, the model was trained on all datasets concurrently, combining the diverse
operational conditions and fault modes represented in the entire C-MAPSS collection. This
holistic training approach aimed to foster a more robust model capable of generalizing well
across different datasets, thereby enhancing its predictive accuracy in estimating the RUL of
aircraft engines under varying conditions.

This iterative process of feature engineering and concurrent model training across all datasets
was instrumental in developing a more accurate and generalizable predictive maintenance
model. Each iteration of this process was evaluated based on the model's performance on a
validation dataset, ensuring a continuous improvement in predictive accuracy while mitigating
the risk of overfitting to any specific dataset.



Model Performance Analysis

The model performance was analyzed individually for each dataset. The dataset comes in four
different files. These files represent different plane engines that belong to both a test and train
type, so that you can train the model using the “_train” file. The loss over time, depicted through
Mean Squared Error Loss, was plotted for each dataset to visualize the model's learning curve
over 20 epochs. While the first dataset demonstrated a satisfactory reduction in loss over time,
the subsequent datasets exhibited less pronounced reductions, indicating potential issues with
model generalization.
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Graph 1: Training and Validation Loss for the First Dataset File.
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Graph 2: Training and Validation Loss for the Second Dataset File.
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Graph 3: Training and Validation Loss for the Third Dataset File.
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Graph 4: Training and Validation Loss for the Fourth Dataset File.

Challenges and Potential Improvements

Several factors emerged that could have contributed to the suboptimal performance on the latter
datasets that was brought up from reviewing the provided code and the methodologies
employed, The feature engineering process was executed individually for each dataset. While
this approach is logical, the disparate operational conditions and fault modes across datasets
could have led to a feature space that might not generalize well when moving from one dataset
to another.

The model architecture remained constant across all datasets. However, the varying
complexities and inherent data distributions across datasets may necessitate a more adaptive
or complex model architecture.

The hyperparameters were kept constant across all datasets. Tuning hyperparameters for each
dataset or adopting a hyperparameter optimization strategy like grid search or random search
could potentially enhance the model's performance across all datasets. Training the model on
combined data from all datasets concurrently as opposed to individually might foster a more
robust model capable of generalizing well across varying conditions. Implementing
regularization techniques might help in reducing overfitting, especially when transitioning from
one dataset to another with differing characteristics.



Conclusion

This research aimed at developing a predictive maintenance model to accurately forecast the
Remaining Useful Life (RUL) of aircraft engines using the C-MAPSS dataset. The broader
objective was to enhance predictive maintenance strategies, which is crucial for improving
operational efficiency and safety in the aviation sector.

The methodology adopted began with implementing a linear regression model to establish a
baseline, followed by a more complex neural network model to capture non-linear relationships
within the data. The iterative process of training, evaluating, and enhancing the model across
different datasets was a notable aspect of this research, aiming for robust model generalization.

The results revealed a satisfactory performance on the first dataset, but a decrease in
performance on the subsequent datasets. The less significant reduction in loss over time in
these datasets indicated issues with model generalization. These challenges could be attributed
to several factors including the fixed model architecture and hyperparameters across datasets
with varying complexities, and possibly a need for a more comprehensive feature engineering
approach.

Moving forward, several steps could be considered to improve the research:

Implementing more advanced neural network architectures such as Convolutional Neural
Networks (CNN) or Long Short-Term Memory networks (LSTM) might yield better results.
Conducting thorough hyperparameter tuning could help in finding a configuration that enhances
model performance across all datasets.

Firstly, a unified feature engineering approach that caters to all datasets could help in improving
model generalization. Secondly, acquiring more data or employing data augmentation
techniques could provide the model with a more diverse learning environment, potentially
enhancing its predictive accuracy and generalization capability. Different loss functions and
optimization algorithms could also be explored to enhance the model’s learning efficiency and
predictive accuracy.

This research has laid the groundwork for the development of an accurate and generalizable
predictive maintenance model for aircraft engines. The insights gained from the challenges
encountered provide a roadmap for further exploration and optimization in this domain.
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