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Abstract— The digitalization of industry is driving new chal-
lenges in predictive maintenance, particularly with machine
learning and deep learning. A common strategy is to train
predictive algorithms using as many data as possible from
systems of the same type. This paper proposes an alternative
approach to predict the remaining useful life (RUL) of turbofan
engines using only a limited amount of data from applications
that exhibit similar time behaviors to those of the monitored
asset. The basic assumption is that engines designed for similar
applications and operating under comparable conditions will
exhibit analogous degradation. To learn the most relevant
degradation patterns of a tested engine, the approach consists
of: a) determining the two most similar training engines from
the CMAPSS dataset by two different clustering mechanisms;
b) training and testing an LSTM prediction using two different
techniques. The first technique averages data from the two
most similar engines to train and test the LSTM; the second
technique uses one engine for training, another for testing.
Preliminary results show that the second technique outperforms
the first and yields higher accuracy than the conventional
approach based on the entire dataset. Further validation tests
are needed to confirm the results and better analyze the
robustness of the proposed approach, but the preliminary
analysis gives a clear idea of the benefits of the approach.

I. INTRODUCTION

While condition-based maintenance (CBM) is well estab-
lished [1], recent advancements in artificial intelligence (AI)
enable significant progress. Most industrial systems use a
time-based preventive maintenance approach. Hence, main-
tenance is scheduled in time intervals based on heuristics
and historical data. The main drawback of this approach is
that inspection or intervention is planned based on statistical
observations, not on the actual wear condition of the moni-
tored asset. CBM overcomes this limitation by continuously
monitoring and planning maintenance operations based on
the real state-of-health of the asset [2], [3]. Several studies
have already used Al algorithms [2]-[7]. Unlike the model-
based approach [8] and the knowledge-based approach [9],
the Machine Learning (ML) and Deep Learning (DL) algo-
rithms do not require prior knowledge of the degradation
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model of the monitored asset [4]. Hence, they are easily
implemented for CBM of complex systems like marine and
aeronautical engines.

Among the DL algorithms applied for CBM, the so-
called Long Short-Term Memory (LSTM) has been widely
applied. In [6], LSTM was combined with a cyclical-update
training logic to predict future time-series patterns of sensor
measurements. In [4] and [5], LSTM is utilized to predict
the future condition of a marine diesel engine. In [5],
LSTM is added to another DL algorithm, called Variational
Autoencoder, to improve the learning process. In previous
works, LSTM has been applied to a maritime propulsion
system, while in [10] and [11] LSTM has been applied to
predict the Remaining Useful Life (RUL) of a jet engine
and to multi-stage manufacturing processes. In [12], [13],
different ML and DL algorithms have been applied both for
supervised and unsupervised monitoring of marine engines.
Finally, a Random Forest algorithm has been applied for
CBM of marine electrical plants [14].

Despite promising results, some drawbacks remain in
applying the ML and DL. The main weakness is the need
for a large amount of data to properly train the model [15].
Moreover, as explained by [14], the training of algorithms
is impeded by the scarcity of data that can be labeled
as faulty behaviors, thus creating unbalanced datasets. To
overcome this problem, some authors have focused on time-
series prediction techniques that acquire data directly from
the field [6], [16]. Coraddu et al. have trained algorithms
only on healthy data to compare supervised ML algorithms
with unsupervised ones, the last being trained without la-
beled data [17]. Healthy data were considered also in [18],
[19], where semi-supervised algorithms have been developed
for an engine turbofan and an unsupervised algorithm was
applied for fault detection of maritime components.

Although the described works have shown satisfactory
results, their main limitation is that they considered the
monitored asset in its individuality. Namely, they are closely
related to the system and its application: the engine is
designed and installed on a ship or an aircraft, then the
data acquired from this engine are used to apply the CBM
for that application. In contrast, we here propose a new
similarity approach for fault diagnosis and prognosis. The
approach is based on the following main hypothesis: the
same type of engines that are used in similar applications
(e.g. ships sailing on the same trajectory, aircrafts following
the same air route, etc.) show similar wear and fault patterns.



This also occurs in automotive engines that have similar
powertrain or run on the same fuel. For example, consider
electric vehicles [20] or compressed natural gas engines [21],
[22], which are highly susceptible to the same specific faults.
Just as it is easy to detect physical outliers when tracking
vessels via Automatic Identification Systems, we propose
treating engine degradation over time as a ‘trajectory’ in
a multidimensional sensor space. We compare an engine’s
degradation path to historical data from similar engines. The
expected path is based on historical data from similar, but not
necessarily equal, engines. Examples of anomaly detection
in ships trajectory are reported in [23]-[26].

To verify the similarity approach, we use the well-known
CMAPSS Dataset [28]. It is a jet engine dataset provided
by NASA and widely used to test RUL prediction strategies
[10], [18]. In detail, this work shows results related to the
second dataset provided by CMAPSS. First, we extract the
most relevant sensor measurements from the dataset using
the Pearson Correlation Coefficient. Second, we identify the
training engines most similar to the tested engine by using
two distinct clustering and alignment strategies (the k-Means
and Dynamic Time Warping). Third, we train an LSTM
network exclusively on these highly similar profiles—either
individually or averaged. Finally, we compare the prediction
accuracy with that of conventional methods. It is worth
noting that the novelty of the proposed approach lies in
the way in which the prediction problem is faced. In fact,
the common way to perform prediction is to collect as
many data as possible and to train the predictive algorithm
on them. In contrast, we propose to focus the algorithm’s
learning process only on the most similar and significant
data. This idea is supported by the observations reported
in [27], where the authors emphasized the need to train a
predictive algorithm for each cluster of the trajectory of a
ship to avoid the risk that a single, comprehensive model
fails to capture the complex connections between the data.
Moreover, we remark that this work aims to propose a
new way to solve the challenge of CMAPSS-based RUL
prediction, and thereafter to adapt this new method to other
datasets and industrial applications.

The rest of this paper is divided as follows: Section II
describes the background; Section III shows the proposed
method; Section IV provides an overview of the simulation
results; finally, Section V draws the conclusions.

II. BACKGROUND
A. CMAPSS Dataset

The CMAPSS consists of four datasets that show how
damage develops over time in an aircraft gas turbine engine.
The dataset has been obtained from a dynamical simulation
model, which was run at different wear conditions so that
the damage propagates until the failure of some component
occurs. The time-series datasets represent dynamic trajecto-
ries of different engines, consist of 24 simulated operating
settings and variables, affected by noise to make simulation
realistic, and are further divided into training and test sets.
In the training set related to an engine, each row shows

the values of the operating settings and variables and the
“operational cycle” associated to the RUL. In few words,
a RUL is associated to each sensor measurement, s. On
the contrary, the unknown RUL must be predicted in the
test set. In the current study, we used the second data-set
from CMAPSS as it is the largest, composed by 260 training
trajectories and 259 test trajectories. Only one fault mode is
simulated in this dataset. Further details are in [28].

B. Pearson Correlation Coefficient

We recall that, if z is an input variable and y is a dependent
variable, then the Pearson Correlation Coefficient (PCC)
evaluates the linear correlation between them. It belongs
to the interval [—1,+1], where the limit values indicate a
perfect negative or positive linear correlation. Values close
to zero mean no linear correlation between x and y. The
PCC is evaluated by the following formula:
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where z and y are the two variables and ¥ and ¢ are their
means computed on n samples.

The PCC is commonly used to identify suitable parameters
as predictors or indicators of a marine engine [3], [29].
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C. Long Short-Term Memory

Evaluating the time-series dependencies is the crucial
point of predictive maintenance. Among the several algo-
rithms available in the literature, the LSTM is the most
widely used for this activity. It was proposed for the first
time by [30]. and is based on the following equations:

f(t) =Wy - [h(t = 1), ()] + by), 2)
i(t) = o(Wi- [a(t — 1), z(t)] + bs), 3)
&(t) = tanh(W, - [h(t — 1), 2(t)] + be), @)
c(t) = f(t) et — 1) +i(t) &(t), (5)
o(t) = o(Wo - [h(t — 1), 2(t)] + bo), (6)
h(t) = o(t) tanh(cy), (7)

where t is time, x(t) is the input, h(t) is the hidden state,
f(t) is the forget state, i(¢) is the input state, c(t) is the
cell state, o(t) is the output state, o is the sigmoid activation
function, W are weight matrices, b are biases. The forget
cell eliminates the unnecessary information, the memory and
update cell sigmoid functions update the information. Fig. 1
shows the basic LSTM architecture.
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Fig. 1. Architecture of the LSTM algorithm.
D. k-Means

The k-Means is an unsupervised algorithm widely used for
clustering. As suggested by its name, it creates & mutually
exclusive clusters, where k is inserted manually by the user
based on the knowledge of the available data. We remark
that, since it is an unsupervised algorithm, the data used
for training are not labeled, while the algorithm puts the
labels after training. The clusters are created by minimizing
the distance between the data belonging to the same cluster,
and by maximizing the distance between data belonging to
different clusters. This approach guarantees that a single data
sample belongs to only one cluster, so it is called “rigid”.

Each cluster is determined by finding a centroid, namely
the mean of all the data belonging to this cluster. The centroid
is established through an iterative process during the training
phase. Further details are in [31].

E. Dynamic Time Warping

The Dynamic Time Warping (DTW) algorithm is widely
used to compare time-series. Unlike other methods, it does
not compare the points of the time series based on their
position, but rather compares the shape of the time series’
patterns. In this way, it also allows us to compare dynamic
trajectories with different time phases. Moreover, the strength
of DTW lies in the possible application even when the
trajectories have different lengths and in the case of noisy
data. An overview of the DTW algorithm is in [23].

ITII. THE SIMILARITY APPROACH

The main idea of the proposed method is to detect faults by
analyzing the similarity between different engine’s behaviors.
In fact, the main hypothesis is the following. Since the
CMAPSS dataset is divided into smaller datasets with similar
wear, healthy, and faulty behaviors, the hypothesis is that
engines belonging to a dataset logged from a specific appli-
cation will have similar time-series patterns before failing.
Then, the method is divided into three sequential steps:

1. acquiring the data from the monitored engine;

ACQUIRED DATASET

MONITORED ASSET

PREDICTIVE ALGORITHM TRAINING
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Fig. 2. Comparison between the common approach to train a predictive
algorithm (above) and the proposed approach (below).

2. finding the engines that, among the failed ones, show
the most similar behavior;
3. training the predictive algorithm only on these engines.

This method differs significantly from the common ap-
proach to the prediction problem. In fact, predictive algo-
rithms are usually trained by using as many data as possible;
in contrast, we propose to use fewer data, but data that
are more closely related to the degradation process of the
monitored engine. In this sense, it is clear that only a
subset of the original dataset is used to train the predictive
algorithm. Fig. 2 explains the difference.

As noted in the introduction, the motivation of the pro-
posed method lies in the fact that the usual algorithms can
miss complex and crucial correlations between the data and
the monitored asset because of training on large amounts
of data. Moreover, our method uses only a subset of the
original dataset and allows the algorithm to focus only on
the most significant data [27]. Another important difference
is that the methods widely applied in applications are usually
implemented offfine, while our method is an online approach.
Hence, training is in real time since the model gets new data
from the monitored engine as they are acquired.

It is clear that identifying the right cluster to which the
test engine under consideration belongs to is the most crucial
step to successfully implement the method. For this reason,
we select a reference engine R, extract the most important
measurements by applying PCC, and then choose the engines
that are most similar by the following procedure, which was
presented in the introduction:

1. The k-means algorithm is used to partition the engine
dataset into distinct clusters.

2. The cluster to which the reference engine R belongs is
determined.

3. The DTW is applied to the engines in this cluster and
the [ most similar ones to R are extracted.

4. The DTW is applied to the entire dataset to find other
[ engines that are most similar to R.

5. The two engines E1 and E2 in common to both methods
of steps 3. and 4. are used to train the predictive
algorithm.
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Fig. 3. Workflow of the proposed method for RUL prediction.

Once the two most similar engines E1 and E2 are identified,
the next step is to choose how to train and test the LSTM
predictive algorithm. In this work, we compare two different
techniques:

« the first one is creating an average engine E3 from El
and E2 and then training and testing the LSTM on E3.

« the second technique is training the LSTM on El and
testing it on E2.

After the two techniques have been evaluated, the tech-
nique with the best training and test performance is chosen.
The performance is evaluated by calculating the Root Mean
Square Error (RMSE).

Finally, the best predictive algorithm is used to predict
the RUL of the reference engine R. In detail, defined as
s1, S92, ..., S, the successive sensor measurements obtained
until the failure of the jet engine, the RUL is predicted
through the look back and look ahead logic. Namely, the
previous n sensor measurements are divided into m sliding
windows of length m < n. The measurements si, S, ..., Sy,
are used as inputs to the predictive algorithm, and the RUL
associated to the s,,11 sensor measurement, say RU Ly, 1,
is the output. Then, the following m measurements are
used to predict RU Ly,,+1. And so on. An overview of the
proposed RUL prediction method is given by the Fig. 3.

IV. SIMULATION RESULTS

The algorithms have been implemented in the Python pro-
gramming language with the well-known TensorFlow (for the
LSTM), scikit-learn (for the k-Means), and DTAIDistance
(for the DTW) libraries.

As previously noted, among the four available datasets
inside CMAPSS, we have chosen the FD002 dataset because
it has the highest number of trajectories, namely 260. Conse-
quently, the first engine of the FD0O02 test set was considered
as reference engine R for the RUL prediction, while the
FDO0O02 training set will be used for the similarity approach.

Then, the PCC was applied to choose the best variables for
the RUL prediction. The results are shown in Fig. 4. As the
figure shows, the sensors number 2, 15, 21 have the lowest
correlation ratio, therefore they have been removed.
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Fig. 4. PCC results for the FD002 CMAPSS dataset.

After choosing the most meaningful variables, the DTW
was applied to the training dataset of the engines belonging to
the FD0O02 dataset. The DTW parameters are the following:
the distance is evaluated through the Euclidean function and
Symmetric2 is the option for the Step Pattern. The results of
DTW show that the engines most similar to the reference R
are given by the engine numbers 13, 2, 155, 164, 42, 202 in
ascending order of similarity.

Then, the next step is to apply the k-Means to determine
the clusters. Before that, the number of clusters must be
chosen. It has been set equal to 4 because we consider
that a turbofan is subject to the following possible working
conditions during an operating cycle, i.e. a trip: departure,
flight, landing, and wear. We consider an independent cluster
for the wear for the following reason: we assume that the
wear is not always present in all the flights, but it slowly
becomes evident during the flight time, since the departure
and landing may be too short to correctly visualize the
phenomenon. Note that the CMAPSS datasets assume that
the initial wear of an engine is not a faulty condition and, due
to some tolerance, is assumed as a normal working condition.
Therefore, considering and deriving a separate cluster for
wear allows us to model only the severe wear conditions,
therefore to improve the separation from healthy conditions.
After the k-Means has divided the training set into four
clusters, it has been applied to identify the cluster to which
the reference engine R belongs. Then, the DTW has been
applied to all the engines of the clusters to find the most
similar ones: the engines number 42, 202, 218, 101, 109, 28
were found.

The results show that the two engines in common to both
methods are those numbered 202 and 42. Now, we apply the
two mentioned techniques to train and test the LSTM:

o The first consists in creating an average engine by the
values of the engines 202 and 42 and by training and
testing the predictive algorithm on it.

o The second trains the predictive algorithm on one of the
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Fig. 5. LSTM predictions on the training set (Solution 2).

two extracted engines (42) and tests the algorithm on
the second one (202).

The LSTM predictive algorithm is trained with a look-back
set to 65 by trial-and-error and a look-ahead set to 1. The
LSTM parameters obtained by trial and error during the train-
ing phase are the following: the learning rate has been set
equal to 0.01; 200 and 32 have been the hidden neurons and
the batch size, respectively; finally, the Stochastic Gradient
Descent has been chosen as optimizer.

Then, named Solution I the one obtained with the average
engine and Solution 2 the second one, Tab. I gives the RMSE
for the two solutions. Solution 2 has a higher RMSE during
the training phase, but has a better generalization capacity
during the test phase. We may suppose that this improvement
is due to the fact that the second LSTM has been trained on
engine number 42 and tested on engine number 202. In this
way, the LSTM has been trained on the entire engine 42
trajectory, starting from the healthy condition and ending
at the faulty condition. This approach allows the LSTM
to learn the entire life of the engine, thus generalizing the
wear propagation. In contrast, in Solution 1, the LSTM has
been trained and tested on the trajectory of a unique average
engine. It means, that during the training phase, the LSTM
learns the pattern of the initial 75% (training size) of the
average trajectory, and tries to generalize it for the remaining
25% (test size).

TABLE I
RMSE RESULTS

RMSE in training: Solution 1 1.08
RMSE in training: Solution 2 2.13
RMSE in test: Solution 1 28.60
RMSE in test: Solution 2 17.62

RMSE in training: Traditional Approach 14.4
RMSE in test: Traditional Approach 46.1

More details regarding training and test of Solution 2 are
shown in Fig. 5 and Fig. 6. The figures show that perfor-
mance is lower when considering the test set, especially for
the initial samples of the set. This suggests to us that the
two engines considered in Solution 2 started from different
levels of wear, while at the end they tend to have the same
degradation, thus allowing an improved prediction.

Since the second solution provided better results, it will
be chosen to predict the RUL of the reference engine taken
from the FDOO2 test set. The predicted RUL for this engine
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—— Predicted RUL
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Fig. 6. LSTM predictions on the test set (Solution 2).

is 27, while the true value is 18. The difference is just 9
cycles, which is a good result considering the complexity of
the systems that are present in the CMAPSS dataset. The
results of the last prediction highlighted that the developed
similarity approach is suitable for training and testing pre-
dictive algorithms.

Finally, to show the effectiveness of the new method, the
results obtained by training the LSTM only on the two most
similar engines have been compared with the results obtained
by the LSTM trained with a fleet-level approach, which is
a traditional one. The LSTM is trained on all the engines
belonging to the FD0OO02 training set. The training has been
conducted by dividing the set into sliding windows with a
length of 65 sensor measurements and by dividing the overall
set in a 75% amount of data for training and a 25% amount
for test. The results, even if preliminary, are aligned with
those shown in [18], and are shown in Tab. 1.

The traditional approach performs better in training than
in test, which means it is not able to generalize all the
information learned from the entire dataset. This result is
confirmed by applying the traditional approach to predict
the RUL of the reference engine R by the FD0O2 test set; in
fact, the predicted RUL is 5 while the true value is 18, with
a difference of 13 cycles, which is an error higher than with
the proposed approach based on only the two most similar
engines. This preliminary result confirms that using fewer but
more relevant data is helpful to increase the performance of
the predictive algorithms. Too much information with the risk
of missing important details is avoided. It is remarked that
future tests will be applied on the overall CMPASS dataset
to further validate and improve the proposed approach.

Note that the main problem with the proposed method
is to have a sufficient number of run-fo-failure acquisitions
from real applications to be able to make the required
prediction. However, the development of new technologies
will overcome this weakness, so that in the future enough
data could be collected and thereby correctly used to predict
RUL in industrial applications akin to the engine turbofan.

V. CONCLUSIONS

The RUL prediction is one of the most challenging
problems in condition-based maintenance. The complexity
increases in case of compound systems such as jet engines,
where several degradation modes occur and many sensor
measurements must be considered. This complexity often



makes it difficult to train a single predictive algorithm for
all the faulty behaviors. For this reason, this study aims to
change the usual way of applying ML and DL algorithms.
We propose to train predictive algorithms not on all acquired
data but to use only data coming from similar engines
with similar behaviors. In fact, the main assumption is that
turbofan jet engines that are used in similar applications show
similar healthy and faulty behaviors. To test this idea on
data from jet engines, we have used the CMAPSS dataset.
A reference engine has been extracted from this dataset, then
two different methods have been introduced to find the most
similar engines to the reference: the first method applies k-
means for clustering and then DTW to find the most similar
engines in the cluster of the reference engine; the second
method applies only the DTW to the overall dataset. The two
engines that are common to both methods have been selected.
Finally, the LSTM predictive algorithm has been trained on
both engines or on an average engine. The results have shown
that an average engine alone gives worse performance than
two similar engines. We finally remark that the proposed
approach is a preliminary proposal for a new way to face the
RUL prediction. In future work, the approach will extend the
results to the entire CMAPSS dataset, with test-set validation
and statistical analysis for robustness.
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