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Abstract

Excessive and untimely maintenance prompts economic losses and unnecessary workload. Therefore, predictive maintenance
models are developed to estimate the right time for maintenance. In this study, predictive models that estimate the remaining
useful life of turbofan engines have been developed using deep learning algorithms on NASA’s turbofan engine degradation
simulation dataset. Before equipment failure, the proposed model presents an estimated timeline for maintenance. The
experimental studies demonstrated that the stacking ensemble learning and the convolutional neural network (CNN) methods
are superior to the other investigated methods. While the convolution neural network (CNN) method was superior to the other
investigated methods with an accuracy of 93.93%, the stacking ensemble learning method provided the best result with an

accuracy of 95.72%.

Keywords Remaining useful life - Ensemble learning - Deep learning - Stacking ensemble learning

1 Introduction

The way maintenance decisions are made within the con-
text of Industry 4.0 has significantly changed in recent years.
The importance of matters such as planning maintenance,
calculating the failure point of equipment, and inspecting
machinery inside the factory has increased. In different indus-
tries, it is often necessary to turn off a machine as soon as
possible to prevent further damage in case of failure (Lei et al.
2016).

However, such interruptions during the production phase
can cause significant time and economic losses if they occur
at the wrong time. Hence, employers that aim to build
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an innovative factory environment have started integrat-
ing maintenance applications into their systems. Monitoring
machine conditions is a fundamental part of business opera-
tions. Also, predicting which machine will fail or complete
its remaining useful life is significant for maintenance plan-
ning.

Maintenance strategies fall under two main categories:
proactive and reactive. In proactive maintenance, the main
goal is to preserve the system running at the best level and
minimize financial losses, while reactive maintenance deals
with post-failure situations and financial losses. Maintenance
strategies have evolved from error and correction practices
(i.e., diagnostics) to prediction and prevention methodolo-
gies (i.e., prognostics) (Lee et al. 2014). Prognostics can be
described as a remaining useful life (RUL) estimation pro-
cess of the system or a subsystem (Soni et al. 2020). RUL is
expressed in units of time (e.g., cycles or hours) and provides
a threshold value that helps in setting safe operating limits.
Thus, it is considered that the system will work smoothly
until the RUL threshold value. Estimating the RUL can also
help extend the lifespan of components by upgrading worn-
out machinery or changing operational parameters that have
an impact on the entire system. Maintenance planning is sig-
nificant for the continuity of equipment and system health.
Prognostic knowledge is the main factor for condition-based
maintenance (CBM). With the help of the RUL estimation,
decision makers can avoid unnecessary maintenance costs
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and perform on-site and timely maintenance. The RUL esti-
mates are also crucial for safety in aircraft systems and
maintenance planning. It is also necessary to perform highly
accurate estimates and prepare relevant maintenance plans
based on these accurate predictions. Maintenance is gen-
erally grouped under two main topics, as shown in Fig. 1.
Corrective maintenance deals with bringing the system to its
previous faultless state after the failure. Preventive mainte-
nance focuses on maintenance planning at regular intervals
before the system fails, preventing sudden systemic break-
downs and unnecessary financial losses.

The subject of RUL estimation is a sub-field of progno-
sis and health management (PHM) and has become more
popular recently to enhance performance and prevent finan-
cial losses in the work environment. The RUL of an asset is
described as the length from the current time to the end of its
useful life (Si et al. 2011). The RUL estimation is a process
that determines the useful life remaining before the machine
loses its ability to operate (Lee et al. 2014). RUL prediction
offers a number of key benefits, including early prevention,
cost savings, and increased operational effectiveness.

There are three main classes of RUL prediction methods:
(i) data-driven methods, (ii) physics model-based methods,
and (iii) methods that combine data-driven and physics
model-based methods (Soni et al. 2020). Historical sys-
tem data and fault records are critical for the data-driven
method. Another approach, which is called the model-based
approach, is a method that requires expert knowledge, and
historical data on the environment is not required for the esti-
mation. As Isermann (1984) introduced in his study, there are
various model-based approaches in the literature. Finally, the
hybrid approach combines the use of model-based and data-
based methodologies. In this paper, we present a data-driven
approach to estimating the RUL of turbofan jet engines. The
turbofan engine degradation simulation dataset that was pro-
duced with NASA’s C-MAPSS simulator was used in this
research. Chen et al. (2017) pointed out that if the past fail-
ure samples are limited, the support vector machine method
might be appropriate. If the number of samples is abundant,
it is appropriate to adopt a similarity-based methodology.

The following two tasks are mostly used in predictive
maintenance studies: classification and regression. When the
problem is addressed using a regression algorithm, a value
called the RUL(Li and He 2015) is predicted. In this research,
ensemble learning was performed using different machine
learning techniques. Li et al. (2006) showed that supervised
learning algorithms can be adopted as the main predictors for
ensemble learning. In this research, the stacking ensemble
learning model was developed by applying all the regression
algorithms. Long short-term memory (LSTM) and convo-
lutional neural network (CNN) models were investigated in
this study.

The objectives of this study are listed as follows:
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1. To evaluate the performance of the stacking ensemble
learning approach for the remaining useful life estimation
problem,

2. To benchmark the performance of the stacking ensem-
ble learning with other widely used techniques such as
convolutional neural network,

3. To present a highly accurate prediction model in order to
guide future RUL estimation studies.

The following sections are organized as follows: Sect.2
presents the related work. Section 3 shows the methodology.
Section4 explains the experimental results. Section5 con-
cludes the paper.

2 Related work

Mathew et al. (2017) compared machine learning algorithms
in estimating the RUL of turbofan jet engines. They showed
that the random forest algorithm provided the best perfor-
mance. Ahsan et al. (2017) developed the autoregressive
model using NASA’s turbofan engine dataset. In some stud-
ies, experiments were performed using machine learning
methods for both the classification and the regression tasks.
Mosallam (2014) carried out classification and regression-
based RUL calculations and described his Bayesian-based
approach. Hu et al. (2012) applied ensemble learning instead
of traditional data-driven methods to achieve the most opti-
mal estimation result. As Polikar and Polikar (2006) shows,
there are many theoretical and practical reasons for prac-
ticing ensemble learning. The primary evaluation factor in
this study is performance enhancement. Soni et al. (2020)
used LSTM and CNN deep learning methods to estimate the
remaining useful life of gas turbines and showed that the
CNN method exhibited more reliable performance results.
Al-Dulaimi et al. (2019) practiced LSTM and CNN algo-
rithms in order to improve their hybrid neural network RUL
prediction model. In deep learning methods, the size of the
data is much more than in machine learning methods. Ellef-
sen et al. (2019) developed a semi-supervised model and
showed the effect of a small amount of labeled training data
on the model while estimating the remaining useful life. In
most of the studies investigated in the literature, it is rec-
ognized that the CNN method introduced improved results
than the LSTM compared to it. In some studies, deep convolu-
tional neural network was applied instead of CNN. Babu et al.
(2016), Zheng et al. (2017), and Li et al. (2018) displayed
in their studies that the use of deep convolutional neural
networks provides better accuracy for estimating remaining
useful life. A systematic literature review performed in this
domain examined gaps in the field (Begiim et al. 2021).

It is clear from a review of current research that there has
been an uptick in methods that exploit attention. Attention
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is a mechanism used in deep learning models that allows
the model to selectively focus on various parts of the input
data rather than uniformly processing the entire input. This
is especially beneficial when the input data is complex and
of variable lengths, such as natural language text or time-
series data. In predictive maintenance, for instance, the input
data may consist of sensor readings from a piece of equip-
ment over time, and attention can be used to determine which
readings are most pertinent for predicting an impending fail-
ure.

Attention has been used as an alternative to conventional
CNN architectures for processing time-series data in LSTM-
based research on predictive maintenance (Li et al. 2023;
Wang et al. 2023). CNNs can be effective at identifying local
patterns in time-series data, but they may struggle with identi-
fying long-term dependencies or determining which portions
of the input sequence are most important for making a pre-
diction. Attention, on the other hand, enables the model to
dynamically weight various parts of the input sequence based
on their importance to the prediction assignment. Several
recent papers utilizing attention-based LSTM models for
fault detection and failure prediction in industrial settings
have demonstrated that this can contribute to improved per-
formance on predictive maintenance tasks (Tian et al. 2023;
Zhang et al. 2023).

Highly cited research papers and important contributions
in this field are presented in Table 1. This study intends
to develop ensemble learning and deep learning models to
achieve highly accurate results for RUL estimation.

3 Methodology
3.1 Dataset

The dataset has been obtained from NASA’s Prognostics
Center of Excellence (PCoE) archive and includes simu-

' Scheduled |

Deferred Immediate

lated data of the failures (Run-to-Failure) of the turbofan
jet engines during their operation. The engine degradation
simulation was created with NASA’s C-MAPSS (Commer-
cial Modular Aero-Propulsion System Simulation) simulator.
C-MAPSS is a tool for simulating realistic large turbofan
engine data. The data for each simulation is generated up
to the engine failure. The goal of this dataset is to predict
the remaining useful lifetime (RUL) of each engine in the
test dataset, i.e., the number of operating cycles after the
last cycle the engine will continue to run. In this study,
NASA’s C-MAPSS (Commercial Modular Aero-Propulsion
System Simulation) dataset has been used to validate the
effectiveness of the proposed models because this dataset is
widely used by researchers in this field and is publicly avail-
able. Since the dataset is publicly available, researchers can
compare the performance of their models with the proposed
model easily.

When the dataset is reviewed, four different datasets with
different operating conditions and failure modes can be seen,
namely FD0O1, FD002, FD003, and FD0O04. There are two
failure modes in the dataset, and four different datasets were
obtained using these failures. “One” and “two” are the fail-
ure modes’ names. The word one indicates HPC corruption,
whereas the word two indicates HPC corruption and fan
breakdown. Each dataset has been divided into training and
testing datasets. Also, there is a separate csv file that contains
the test datasets’ actual remaining useful lifetime (RUL) val-
ues. RUL is equivalent to the number of flights remaining for
the engine after the last data point in the testing dataset.

In this study, the presented experiments are implemented
on the FDOO1 dataset. The dataset is represented as a text file
containing 26 columns of numbers separated by spaces. Each
row is a snapshot of data taken during a single operational
cycle, and each column represents a different variable. The
dataset includes engine unit number, time in the cycle, three
operational settings, and the 21 sensor measurements such as
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Table 2 Dataset description

Index Data fields Types Descriptions

1 Engine Id Integer Aircraft engine number
2 Cycle Integer Time in cycles

3 Settings 1 Double Operational setting 1

4 Settings 2 Double Operational setting 2

5 Settings 3 Double Operational setting 3

6 Settings 4 Double Sensor measurement 1
7 _ _ —

8 Settings 21 Double Sensor measurement 21

temperature, pressure, fan speed, coolant bleed, and fuel-air
ratio. Table 2 presents an overview of the dataset.

3.2 Ensemble learning

Ensemble learning (a.k.a., multiple machine learning approac
hes) is a technique that creates multiple predictive mod-
els and determines the final prediction result by combining
the results retrieved from these models. Ensemble learning
approaches maximize the benefit and advance the efficiency
of individual machine learning models. Since there is more
than one machine learning algorithm applied in ensemble
learning, model training takes longer compared to individ-
ual learners. Although slow machine learning methods can
also contribute to ensemble learning, faster machine learn-
ing algorithms are generally favored in ensemble learning
methods. Several methods are available to design ensemble
learning in regression models (Dietterich 2000; Akbulut et al.
2022).

This research aims to design ensemble learning-based
models by applying multiple regression algorithms on the
selected dataset. The most widely used advanced ensem-
ble learning methods are bagging (bootstrap aggregating),
boosting, and stacking. Breiman (1996) creates bootstrapped
samples, and each machine learning algorithm (either clas-
sifier or regressor based on the underlying task) is applied to
each sample. For a regression task, an average is computed
based on the outputs of all regression algorithms. Boosting
Duffy and Helmbold (2002) is another method in which each
subsequent model aims to correct the errors of the previous
model by creating subsets of the dataset. The final model is
the average of all models generated. Finally, stacking is a
technique that aims to provide high accuracy by using esti-
mation results from multiple models (Breiman 1996). In this
study, the stacking ensemble learning method has been inves-
tigated because of its capability in handling complex datasets.

3.3 Machine learning algorithms

In this study, the applied methods are supervised learning
methods (Molnar 2020). The regression algorithms studied
are linear regression, support vector regression (SVR), deci-
sion tree regression, random forest regression, and extreme
gradient boosting regression. These five learning algorithms
have been combined with the stacking ensemble learning
method to increase performance. Figure2 shows the steps
taken to predict the RUL using machine learning algorithms.

3.4 Deep learning algorithms

Deep learning is a sub-field of machine learning and inspires
by artificial neural networks. In addition to the fully con-
nected (FC) layer type, deep learning models use additional
layer types such as the convolutional layer, pooling layer, and
dropout layer. In deep learning, features are learned at dif-
ferent levels of the hierarchy (Mathew et al. 2017; Yildirim
et al. 2023). Features can be learned automatically in the
deep learning models, and the model does not require hand-
engineered features. In this study, because of the limited data,
the classification problem was addressed. According to the
literature search, long short-term memory (LSTM) and con-
volutional neural network (CNN) methods were found to be
the most promising deep learning algorithms. As such, LSTM
and CNN methods were used for the RUL estimation. Fig-
ure 3 shows the steps of deep learning-based RUL estimation.

3.4.1 Long short-term memory

The long short-term memory (LSTM) network is a more spe-
cific version of recurrent neural networks (RNNs) trained
using back-propagation. LSTM is a method that can prevent
problems experienced in typical RNNs. In the LSTM model,
random periods are remembered and the model includes
LSTM blocks rather than neurons. LSTMs are designed to
prevent long-term dependency problems (Soni et al. 2020).
In other words, the values in the memory can be kept for
a long time, which is the expected behavior of the LSTM
method. Thus, it forms the context for the data and can make
inferences about data. LSTM networks can be applied for
data classification problems using time-series data (Sadigov
et al. 2023).

3.4.2 Convolutional neural network

Convolutional neural network (CNN) is a specialized ver-
sion of artificial neural networks that uses many layers and
different types of layer types. CNN-based models present
outstanding results in image processing, voice and face
recognition, object identification in autonomous vehicles,
and traffic sign identification. The data to be transmitted to

@ Springer
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Fig.2 The prediction flowchart
for the RUL model
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Fig.3 The prediction flowchart
of the RUL model using deep
learning algorithms

the CNN model must have the type of image (i.e., matrix)
or video (i.e., frames). For this reason, in this study, after
the pre-processing stage, the sensor data specific to the CNN
model was transformed into a matrix using the recurrence
plot method. It learns how to automatically extract the fea-
tures from the raw data by separating the given data according
to specific filters and can make inferences about the given
data using these features.

3.5 Experimental setup

The Python programming language was used to implement
and test the RUL estimation models. The data has been
read from.csv files. The machine learning and deep learning
methods were applied to the data using Python on Google
Colaboratory (Colab). The best models have been bench-
marked in terms of performance and up-time using Jupiter
Notebook on a machine with 64 GB RAM and 1080 GTX
SLI requirements.

3.6 Preparation of data

The data should be clean and prepared for the model before
applying the predictive maintenance model. If the data is
imbalanced, contains noise, or has too many missing values,
the data must be processed with pre-processing techniques.
Ranjan et al. (2018) explained that traditional machine learn-
ing approaches do not work correctly if a given dataset is
highly imbalanced. Data has been organized and analyzed in
accordance with pre-processing methods. FO001 is the exam-
ple data used for these actions.

The longest-running engine breaks after 362 cycles, while
the earliest failed engine after 128 cycles when the maxi-
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mum time cycles are examined. It is known that an engine
degrades on average every 199 to 206 cycles. The required
target column values should be added to the data before the
pre-processing step. The RUL values corresponding to the
records in the testing dataset are provided as a separate.csv
file. The maximum number of cycles per motor is presented
in the RUL column. This number represents the number of
cycles in which the unit number of each engine ends. For
each motor record, Formula 1 is used to calculate the RUL
value. This calculation is executed for each engine data and
the RUL column derivations for the training data.

RUL = maximum cycle of motor - current cycle of motor.

After adding the target value column, we checked whether
there is a NaN or a null value in the dataset. If we had miss-
ing data in the dataset, we would update these values using
different approaches such as mean, median, most frequent,
or constant. Since there are no missing values in the data,
this method is not necessary. Descriptive statistics can be
used to identify minimum and maximum values that are dis-
tant from the mean. The minimum and maximum values for
some columns are the same, and the standard deviation is 0.
Sensors with a standard deviation of 0 have been removed
because of the outlier values.

Normalization is used to scale the data of a feature so that
it falls in a smaller range, such as —1to 1 or O to 1. When data
columns are examined, the features of the data are in different
intervals. The ranges of the data attributes must be close for
the methods to be applied. Scaling is used to normalize the
data as a result. We chose the normalization algorithm, Min—
Max, to scale the dataset and normalized our dataset to the
0-1 range. Before scaling, the distribution of the original
data values reveals that the data are extremely distinct from
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one another. By scaling the data, all of the values are placed
inside arange of O—1. The scaled versions of our data with the
previous training and testing structure are shown in Fig. 4.

The features obtained through data pre-processing steps
are used to train predictive maintenance models using
regression-type machine learning techniques. The data is
not extra pre-processed or given a new feature. However,
the data should be translated to matrix format and the class
labels added before constructing predictive maintenance
models using deep learning methods in the classification
type. Since these processes are added extra after the general
pre-processing steps, they are explained in the deep learning
section.

4 Experimental results

In this section, we present our experimental results. Eight
learning algorithms including different machine learning and
deep learning methods were adopted. For machine learning,
14 different tests were conducted by testing the learning algo-
rithms selected with each data separation method. Moreover,
to determine the ensemble learning model’s meta-regressor
algorithm, ten different tests were completed using two dif-
ferent cross-validation methods and five different machine
learning algorithms. For deep learning methods, two specific
tests were performed and the results are discussed in this
section.

4.1 Results regarding the ensemble learning model

The training and testing stages were implemented on the
FDO0O01 dataset. The dataset contains data from one hundred
motors, and each motor has 21 different sensor values. The
dataset description is shown in Table 2. Five regression algo-
rithms were applied to the FD0O1 dataset. Before the training
step, different approaches were utilized to separate the dataset
as training and testing datasets. The first approach is the K-
fold cross-validation, and the other one is the leave-one-out
(LOO) method that separates the dataset based on the engine
numbers. The dataset was divided into tenfold when using K-
fold cross-validation (i.e., k=10). The other method in LOO,
the training process uses the data points in the training set.
One engine was adopted for testing purposes, and all remain-
ing engines were utilized for training. Thus, each engine took
part in both training and testing, and each data was applied
in the process. The results were collected in each step, and
finally, the final result was produced.

Table 3 shows the performance results of the regression
algorithms when the tenfold cross-validation is used. As
shown in this table, the linear regression algorithm provides
the lowest accuracy, and the random forest regression and
stacking ensemble learning algorithms provide the best accu-

racy. Researchers attempt to reduce the RMSE values more
than the standard deviation value. When the RMSE and stan-
dard deviation rates are evaluated, the stacking ensemble
learning method returns better results.

Figure 5 depicts the relationship between the real RUL
and the estimated RUL. When the data is separated by the
leave-one-out (LOO) method, the performance results are
presented in Table 4. As shown in Table 4, stacking ensemble
learning, a combined version of five regression algorithms,
provides the best performance. When RMSE and standard
deviation areas are evaluated, we observe that the RMSE ratio
of support vector regression is the lowest. However, the accu-
racy and standard deviation are not satisfactory compared to
stacking ensemble learning. Since the RMSE ratios of the
stacking ensemble learning and support vector regression
algorithms are very close, the stacking ensemble learning
algorithm performs better based on the standard deviation
and accuracy metrics.

Figure 6 depicts the relationship between the real RUL
and the estimated RUL when the stacking ensemble learning
technique is used. The high number of overlapping points on
the graph shows that the prediction accuracy is high.

While applying stacking ensemble learning, different
combinations of five algorithms were investigated. Each
algorithm is employed as the meta-regressor, and the results
are listed in Table 5. While the linear regression algorithm
provides better results as a meta-regressor in tenfold cross-
validation, the support vector regression algorithm is used as
a meta-regressor when data is separated with LOO.

Figure7 shows the sample flowchart of the stacking
ensemble learning model. This study illustrates that the
stacking ensemble learning method enhances the model’s
performance. The RUL estimation results have been com-
pared with their actual values, and the corresponding figures
were interpreted.

4.2 Deep learning result

As used in machine learning experiments, the data used
in deep learning models is FDOO1. Convolutional neural
network (CNN) and Long short-term memory (LSTM) meth-
ods were preferred for deep learning models to evaluate the
remaining useful life. The pre-processing of data is imple-
mented in the same way as machine learning algorithms,
and steps are taken as described in the Preparation of Data
section. Deep learning algorithms perform better with vast
amounts of data. Due to the limited data, we can approach this
task as a classification problem. Since this problem has been
treated as a classification problem, a class label is created for
each data point. The added class label data was designed via
the RUL column. The dataset is labeled as 2 for RUL values
between 0 and 15, 1 for 16-30, and O for those greater than 30.
The pre-processing of the data for the LSTM model has been
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Linear regression 87.35 % 34.02 42.44
Support vector machine 93.90 % 32.80 4491
Decision tree 93.90 % 32.80 44.19
Random forest 95.72 % 33.33 43.96
Extreme gradient boosting 95.66 % 40.07 35.52
Stacking ensemble learning 95.72 % 33.25 40.93
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Table 4 Results with

R Leave-one-out cross-validation Average accuracy score RMSE Std.Dev.
leave-one-out cross-validation
Linear regression 87.00% 33.80 42.38
Support vector machine 92.67 % 29.23 37.80
Decision tree 90.61 % 40.97 51.93
Random forest 95.30% 33.15 43.80
Extreme gradient boosting 95.31% 39.07 35.06
Stacking ensemble learning 95.69 % 31.30 35.15
Fig.6 RUL comparison of Stacking Ensemble Learning RUL Comparison
stacking ensemble learning with —
LOO 140 —— Predicted RUL
120
100
= 80
)
o=
60
40
20
0 20 40 ] 60 80 100
#Unit
Tablg > Stacking ensemble K-fold cross-validation Accuracy RMSE Std.Dev.
learning
Stacking Linear regression 95.72 % 33.25 40.93
Ensemble Support vector machine 91.01 % 31.34 35.20
Learning Decision tree 95.22 % 35.71 46.19
Main Random forest 90.64% 41.67 54.55
Learner Extreme gradient boosting 95.68 % 33.19 44.03
Leave-one-out cross-validation Accuracy RMSE Std.Dev.
Stacking Linear regression 95.38 % 33.38 41.15
Ensemble Support vector machine 95.69 % 31.30 35.15
Learning Random forest 94.89 % 35.67 44.88
Main Decision tree 90.29 % 44.54 53.46
Learner Extreme gradient boosting 95.36 % 32.87 43.83

Fig.7 The stacking ensemble
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Fig.8 Transform time series to image

completed. For the CNN model, the data has been converted
to a matrix type because the CNN algorithm accepts such
data. Therefore, the time-series data has been pre-processed
and transformed into a matrix type via the recurrence plot
function. In Fig. 8, as an example, sensor data number 2 is
transformed into an image. The drawing size is 50x50x17.
50x50 is the size of the recurrence plot function to convert
time-series data to image type. The number 17 also symbol-
izes our features. Since the columns with a standard deviation
of 0 are removed from our data after pre-processing, we have
17 feature columns left.

Therefore, the pre-processing stages for LSTM and CNN
models and preparation for training were completed. After
this step, the CNN and LSTM models were designed. First,
we investigate the structure of our LSTM model and the
parameters used in its design. As shown in Fig.9, the layer
structure of our LSTM model consists of three LSTM layers,
three dropout layers, and one dense layer as the output layer.

Softmax was preferred as the activation function in the
output layer. This activation function performs well for clas-
sifiers, which can be used in problems requiring more than
two class labels. The early stopping function was employed

Dropout 1
Istm 1 Istm_2
: I I
(Train Samplex50x18)
(None,50,100) (None,50,50)

(None,50,100)

Fig.9 The LSTM model architecture
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for the training step. At the same time, cross-validation has
been adopted to avoid the overfitting of the model. As prac-
ticed in machine learning methods, with the leave-one-out
algorithm, the data is separated according to their engine
number in every step. After the training phase, the model’s
accuracy was evaluated with testing data. The accuracy of
the LSTM model was 83.99%. After the LSTM model, the
CNN algorithm was used to develop a new remaining useful
life estimation model. The layer structure of the CNN-based
model is shown in Fig. 10.

The data transformed to image (i.e., matrix) format was
trained using this model. The early stop function was applied
to attain the most appropriate result during the training. Addi-
tionally, the leave-one-out algorithm is applied to prevent
overfitting. The model has been verified with the testing
dataset, and the CNN model’s accuracy was found to be 93.93

4.3 Comparison of the best scores of ensemble
learning and deep learning models

Classical machine learning methods and deep learning meth-
ods were adopted for the remaining useful life estimation
process. All algorithms used were described and contrasted
with other methods. According to the comparison results, it
is comprehended that the stacking ensemble learning algo-
rithm, which was developed using classical machine learning
methods, provides the most beneficial results. On the other
hand, it is observed that the convolutional neural network
algorithm has the highest accuracy for deep learning-based
models. The developed models have been investigated in
terms of training and testing times.

Since deep learning methods involve many hidden layers
and neurons in their structures, they are more complex than
traditional machine learning algorithms (i.e., shallow learn-
ing techniques). In addition, deep learning methods require
a large amount of data and thereby more computing power is
needed. The complexity of these models also affects the train-
ing time, which is typically much longer than the required
time of traditional machine learning models. As such, the

Dropout 2 Dropout 3
Istm_3 Dense(Output)
I —»  Softmax
(None,25) (None,3)
(None,50,50) (None,25)
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Fig. 10 The CNN model architecture
-rr:s':llet 56 The comparison of best Model Accuracy Training time (second) Testing time (second)
Stacking ensemble learning 95.72 1023.36 1.86
CNN 93.93 3386.38 12.16

time spent on training for deep learning models is longer than
the time of the proposed stacking ensemble learning model.
Model accuracy and training and testing times are presented
in Table 6. As a result, the accuracy and speed of the stacking
ensemble learning algorithm are better than others.

5 Conclusion

Maintenance prediction is critical to avoid unnecessary main-
tenance activities, prevent economic losses, reduce unneces-
sary workload, and increase working performance. The main
objective of predictive maintenance is to estimate equipment
failure to determine the RUL of the equipment. Maintenance
planning could be accomplished more effectively if equip-
ment failures were predicted in advance. In this study, models
that estimate the RUL of turbofan jet engines have been devel-
oped using both classical machine learning methods and deep
learning methods. Both regression and classification models
were formed, and model requirements were described. When
the experimental results are investigated, it is seen that the
stacking ensemble learning method, which was generated
using five different machine learning methods, returns better
results than the other models (i.e., 95.72% accuracy).

This research has significant scientific value when consid-
ering different industries such as automotive, manufacturing,
healthcare, and aerospace because such a highly accurate pre-
diction model can minimize the risk of system failures and
can dramatically reduce downtime. In the current applica-
tion domain (i.e., aerospace), the presented model can reduce
maintenance costs, improves system safety, and maximizes
availability. Also, in other industries, devices can be eas-

ily replaced before they fail and improve safety. To fully
understand the scientific value of this research in differ-
ent industries such as healthcare and automotive, follow-up
research must be performed.

Recently, new feature selection techniques such as hybrid
J-SLnO, which is a hybrid of the Jaya algorithm and Sea
Lion Optimization (SLnO) and an LSTM-based redun-
dant attribute removal technique (Jiang et al. 2022) have
been proposed in the literature (Abidi et al. 2022). Also,
new regression models such as the dendritic neural regres-
sion (DNR) model, the heap-based optimizer (HBO)-LSTM
model, and the modified ANFIS model using the Aquila opti-
mizer (AO) with the opposition-based learning (OBL) called
AOOBL-ANFIS have been developed recently (Al-qaness
et al. 2022; Ewees et al. 2022; Al-qaness et al. 2022). As
future work, this type of feature selection techniques and
regression models can be investigated to improve the overall
performance.

In future work, the performance of the RUL prediction
model can be improved by using a considerable amount of
real-time data. Also, new deep learning algorithms such as
transformers can be investigated to improve the performance
of the prediction models.
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