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Abstract: Predictive Maintenance (PdM) has the potential to revolutionize the industry by
providing advanced techniques to assess the condition of an industrial system and yield key
information that can help optimize maintenance planning and prevent unexpected faults and
breakdowns. Nevertheless, PdM is far from being universally applied and it is still the subject of
increasing research. Thus, developing new approaches has great relevance to help PdM become
a practical reality for the industry. PdM can also bring benefits in terms of sustainability,
by reducing human and material resources waste, which is one of the main objectives of
Circular Manufacturing initiatives. In this context, rolling bearings are one of the most studied
components, as most industrial systems with rotating mechanisms contain bearings, which are
prone to a number of faults caused by natural and unnatural wear. In this work, an hybrid
Deep Learning (DL) approach is proposed, combining a Convolutional Neural Network (CNN)
with a Gated Recurrent Unit (GRU) network to predict Remaining Useful Life (RUL) using
rolling bearing vibration data preprocessed with the Short-Time Fourier Transform (STFT).
This model was trained and validated using the PRONOSTIA public dataset, which is a popular
benchmark for rolling bearing prognostics. The obtained results are satisfactory, providing RUL
estimates close to the true values in most test cases, proving the competitiveness of the approach
and its potential.
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1. INTRODUCTION

Industrial maintenance is a key part of any industrial
business. Maintaining the machines in a good working con-
dition and avoiding breaking faults can ensure availability
and also reduce the waste of human and material resources,
which is important when considering the increasingly-
relevant Circular Manufacturing paradigm, which seeks
to reduce the negative impact of industries on the envi-
ronment (Acerbi et al. (2021)). In that sense, Predictive
Maintenance (PdM) is a modern approach to the main-
tenance subject, where data acquired from the industrial
systems is used to estimate the system’s health condition
and predict faults. Research in PdM has been growing
steadily, as technology for acquiring and processing data
from the machines evolves.

⋆ This work has been carried out in the H2020 KYKLOS 4.0
project (Grant Agreement Number 872570), which is funded by
the European Commission. This work was also partially financed
by national funds through the FCT - Foundation for Science
and Technology, I.P., within the scope of the projects CISUC
(UID/CEC/00326/2020) and CTS (UID/EEA/00066/2019), and un-
der grant SFRH/BSAB/150268/2019.

One of the promising techniques that have shown state-
of-the-art performance for many PdM use cases is Deep
Learning (DL) (Lin et al. (2020); Serradilla et al. (2022)),
which comprises several solutions that are based on multi-
layered Artificial Neural Networks (ANN). Models based
on DL are capable of achieving very high accuracy for fault
diagnostics and prognostics problems, generally surpassing
other non-deep Machine Learning (ML) solutions.

Rolling bearings are predominant in most industrial sys-
tems that comprise rotary components. Moreover, rolling
bearings are the root cause of up to 44% of faults in some
machines (Cerrada et al. (2018)). Bearings are susceptible
to a wide variety of wear causes, such as: lubrication
problems (which can lead to overheating), overloading,
improper mounting and manufacturing defects (Bernet
(2019)). Worn out bearings may eventually breakdown,
but first, it will gradually present malfunctioning signs,
such as increased vibration and heat production. Bearings
are a key subject of PdM research and finding new ways to
perform fault diagnostics and prognostics with good accu-
racy has a great significance for the evolution of industrial
maintenance.
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One possible method to develop an effective PdM model is
to combine different models to create a hybrid approach,
taking advantage of the strengths of each model. In the
work of Zhao and Wang (2021), a Convolutional Neu-
ral Network (CNN) is combined with a Support Vector
Regressor (SVR) to perform RUL estimation of rolling
bearings. First, a Hilbert-Huang Transform (HHT) is ap-
plied to obtain a Degradation Energy Indicator (DEI).
The CNN is trained to make DEI estimations, while the
SVR makes RUL estimation based on the estimated DEI.
Another hybrid approach is presented by Kamat et al.
(2021), where an Autoencoder (AE) is used for anomaly
detection, which triggers the RUL estimation, performed
by a Long Short-Term Memory (LSTM) network.

Moreover, Guo et al. (2017) construct a health indica-
tor, combining several time, frequency, and time-frequency
domain features, and apply a Recurrent Neural Network
(RNN) to perform the prognostics. In the work of Chen
et al. (2020), the authors propose a bi-directional Gated
Recurrent Unit (GRU) network with an added convolu-
tional layer as the first layer and with an attention mecha-
nism to extract a health indicator from the vibration data.
The RUL estimation is performed using linear regression.
The approach proposed by Jiang et al. (2020) is composed
by a hybrid CNN-LSTM model, capable of performing
RUL prediction directly from raw data.

In the context of processing rolling bearing vibration
data, the Short-Time Fourier Transform (STFT) is one of
the time-frequency analysis techniques that are frequently
used for extracting underlying information from the raw
vibration signal. In the work of Li et al. (2019), the
authors propose a CNN-based model for RUL prognostics
trained with data processed by the STFT and a multi-
scale feature extractor, which is also a CNN. The authors
of Zhou et al. (2020) present another STFT-CNN-based
approach capable of performing both fault prognostics and
diagnostics.

In the review presented by Serradilla et al. (2022), the
author points out the RNN, LSTM, and GRU as the
most commonly applied DL models for RUL prediction.
This can be explained by the fact that these models are
capable to learn sequential information, thereby they are
appropriate to prognostics, as RUL prediction is a time-
series forecasting problem.

In this work, a hybrid DL solution combining a CNN
and a GRU network is proposed for rolling bearing fault
prognostics. The combination of CNNs and RNN-based
networks have been shown to be more effective than using
a single model by itself, as the CNN’s ability to extract
deep abstract features from data potentiates the overall
performance of sequential learning-based models, such as
the LSTM and GRU (Nasser and Al-Khazraji (2022);
Wahid et al. (2022)). The dataset used for training and
validation is the PRONOSTIA rolling bearing vibration
dataset, a popular benchmark for bearing prognostics,
provided by Nectoux et al. (2012). A comparison is made
between the developed approach, a selected set of ML
models created for this purpose, and other approaches
from the literature.

This paper starts by presenting in section 2 the methodol-
ogy used for the development of the approach, describing

the components of the hybrid network, the STFT prepro-
cessing, and the postprocessing methods. Section 3 gives
a detailed description of the PRONOSTIA dataset, used
in this work. Section 4 presents the prognostics results,
showing some graphical examples from the obtained RUL
predictions and comparisons with other approaches. Fi-
nally, section 5 features a recap about the work and its
results and provides suggestions for future developments.

2. METHODOLOGY

In this section, each component of the RUL estimation
approach is explained in detail. An overall representation
of the approach’s pipeline is shown in Figure 1.

Fig. 1. Representation of RUL estimation approach’s
pipeline.

2.1 Short-Time Fourier Transform (STFT)

Vibration signals contain distinct frequency signatures for
different health states. Extracting this information can
improve a model’s capacity to make fault diagnostics and
prognostics. One popular method to perform this analysis
is the STFT (Rezaeianjouybari and Shang (2020)). The
STFT is based on the Discrete Fourier Transform (DFT)
algorithm, as is given by equation 1, where m and ω are
time and frequency indices, respectively, x is the discrete-
time signal, and w is the window function.

STFT (m,ω) = X(m,ω)

=
∞∑

n=−∞
x[n]w[n−m]e−iωn (1)

For this work, a periodic hamming window with size equals
to 128 samples is used, with a 75% overlap. The number
of DFT points used is also 128.

Figure 2 shows the STFT results for one of the rolling bear-
ings experiments from the PRONOSTIA dataset, where
the bearing gradually degrades over time until it suffers a
fault. It is possible to observe how the frequency compo-
nents below 4 kHz and above 10 kHz increase in magnitude
as the bearing approaches the breaking point. This infor-
mation is processed by the CNN and GRU hybrid model
as 128x13 matrices for every 512 samples of the original
vibration signal.
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Fig. 2. STFT results visualization for one subset of the
PRONOSTIA dataset.

2.2 Feature Extraction with Convolutional Neural Network

Convolutional Neural Networks (CNNs) were inspired by
the brain’s visual cortex. Although CNNs were initially
developed for image processing tasks, where it is still
the state-of-the-art technique in that subject (Guo et al.
(2016); Mu and Zeng (2019)), it is now used for several
different classification and regression tasks, including fault
diagnostics and prognostics. Figure 3 presents a typical
CNN architecture.

Fig. 3. Representation of the typical CNN architecture.

For a two-dimensional (2D) input, the convolutional layer
performs the convolutional product between the input and
the filter, which is also 2D. Assuming that the input is an
image, this operation is given by the equation 2, where I is
the input,K is a filter, and nH , nW and nC are the image’s
height, width, and number of channels, respectively.

conv(I,K) =

nH∑
i=1

nW∑
j=1

nC∑
k=1

Ki,j,kIx+i−1,y+j−1,k (2)

A convolutional layer may have several filters, resulting in
multiple outputs, one for each filter. The combination of
the outputs is called the feature map. The filters’ weights
are updated during the training process, which ultimately
influence the network’s capability to extract distinct fea-
tures from the input. Using the image processing analogy,
this feature extraction process can be seen as the identifi-
cation of certain shapes and contours.

A convolutional layer is usually followed by a pooling layer,
which performs subsampling. This subsampling process
helps to reduce the amount of data to be processed
by the subsequent layers and to improve the network’s
generalization ability. The pooling operation is given by
equation 3, where a[l] is the output calculated using input
a[l−1], ϕ is the pooling function and f is the size of the
pooling filter.

a[l]x,y,z = pool(a[l−1])x,y,z

= ϕ[l]((a
[l−1]
x+i−1,y+j−1,z)(i,j)∈[1,2,...,f [l]]2)

(3)

The most common pooling functions are the average and
max functions. The filter is applied to an area of size f
and then passes to the next area, where the shift is given
by the value named stride.

A CNN may include several pairs of convolutional and
pooling layers and each pair are often considered to be
a single layer of the CNN. Finally, the CNN contains
one or more fully connected layers that map the output
of the previous layers to the target output. The CNN
is designed to extract deep abstract features, making it
capable of performing classification/regression with raw
data, without the need of previous feature extraction
processes.

Considering the CNN’s powerful feature extraction ca-
pability, it can be combined with other classification or
regression models to create a hybrid approach. For this
work, the features extracted from a CNN are used to
train a GRU network that performs Remaining Useful Life
(RUL) estimation.

The network architecture for this work was developed
through manual tuning, consisting of 5 sets of convolu-
tional, max pooling, and batch normalization layer. The
batch normalization layer normalizes the output of the
previous layer, scaling the data so it has a mean of 0 and a
standard deviation close to 1. This normalization process
ensures a faster training process. The last three layers are
two fully connected layers and a regression output layer,
which will map the extracted features to the target output,
as previously mentioned.

In terms of parameters, the first convolutional layer has
16 filters, and each successive convolutional layer doubles
the number of filters from the previous one, so more deep
abstract features may be extracted from the input. Each
filter has a size of 3x3. The pooling layers have a filter size
of 2x2 and a stride of 2, which halves the output’s height
and width. Finally, the first dense layer has 64 neurons,
and the second layer has 1 neuron, which is the output
size.

In order to use the CNN for feature extraction, the
network is first trained to make RUL estimations with
the PRONOSTIA rolling bearing vibration dataset. After
the network is trained, the last two layers are removed,
and the rest of the CNN is used to extract the features
from the same dataset. It is important to note that the
new transformed dataset was originated from the whole
PRONOSTIA dataset, but the CNN was trained with just
the training subsets, which are predetermined (section 3).

2.3 RUL Estimation with Gated Recurrent Unit (GRU)

A Gated Recurrent Unit (GRU) network was developed to
train on the data extracted by the CNN and perform RUL
estimation. A GRU is a variation of the LSTM unit, while
the LSTM is derived from the original Recurrent Neural
Network (RNN) unit (Ashraf Zargar (2021)).
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Fig. 2. STFT results visualization for one subset of the
PRONOSTIA dataset.

2.2 Feature Extraction with Convolutional Neural Network

Convolutional Neural Networks (CNNs) were inspired by
the brain’s visual cortex. Although CNNs were initially
developed for image processing tasks, where it is still
the state-of-the-art technique in that subject (Guo et al.
(2016); Mu and Zeng (2019)), it is now used for several
different classification and regression tasks, including fault
diagnostics and prognostics. Figure 3 presents a typical
CNN architecture.

Fig. 3. Representation of the typical CNN architecture.

For a two-dimensional (2D) input, the convolutional layer
performs the convolutional product between the input and
the filter, which is also 2D. Assuming that the input is an
image, this operation is given by the equation 2, where I is
the input,K is a filter, and nH , nW and nC are the image’s
height, width, and number of channels, respectively.

conv(I,K) =

nH∑
i=1

nW∑
j=1

nC∑
k=1

Ki,j,kIx+i−1,y+j−1,k (2)

A convolutional layer may have several filters, resulting in
multiple outputs, one for each filter. The combination of
the outputs is called the feature map. The filters’ weights
are updated during the training process, which ultimately
influence the network’s capability to extract distinct fea-
tures from the input. Using the image processing analogy,
this feature extraction process can be seen as the identifi-
cation of certain shapes and contours.

A convolutional layer is usually followed by a pooling layer,
which performs subsampling. This subsampling process
helps to reduce the amount of data to be processed
by the subsequent layers and to improve the network’s
generalization ability. The pooling operation is given by
equation 3, where a[l] is the output calculated using input
a[l−1], ϕ is the pooling function and f is the size of the
pooling filter.

a[l]x,y,z = pool(a[l−1])x,y,z

= ϕ[l]((a
[l−1]
x+i−1,y+j−1,z)(i,j)∈[1,2,...,f [l]]2)

(3)

The most common pooling functions are the average and
max functions. The filter is applied to an area of size f
and then passes to the next area, where the shift is given
by the value named stride.

A CNN may include several pairs of convolutional and
pooling layers and each pair are often considered to be
a single layer of the CNN. Finally, the CNN contains
one or more fully connected layers that map the output
of the previous layers to the target output. The CNN
is designed to extract deep abstract features, making it
capable of performing classification/regression with raw
data, without the need of previous feature extraction
processes.

Considering the CNN’s powerful feature extraction ca-
pability, it can be combined with other classification or
regression models to create a hybrid approach. For this
work, the features extracted from a CNN are used to
train a GRU network that performs Remaining Useful Life
(RUL) estimation.

The network architecture for this work was developed
through manual tuning, consisting of 5 sets of convolu-
tional, max pooling, and batch normalization layer. The
batch normalization layer normalizes the output of the
previous layer, scaling the data so it has a mean of 0 and a
standard deviation close to 1. This normalization process
ensures a faster training process. The last three layers are
two fully connected layers and a regression output layer,
which will map the extracted features to the target output,
as previously mentioned.

In terms of parameters, the first convolutional layer has
16 filters, and each successive convolutional layer doubles
the number of filters from the previous one, so more deep
abstract features may be extracted from the input. Each
filter has a size of 3x3. The pooling layers have a filter size
of 2x2 and a stride of 2, which halves the output’s height
and width. Finally, the first dense layer has 64 neurons,
and the second layer has 1 neuron, which is the output
size.

In order to use the CNN for feature extraction, the
network is first trained to make RUL estimations with
the PRONOSTIA rolling bearing vibration dataset. After
the network is trained, the last two layers are removed,
and the rest of the CNN is used to extract the features
from the same dataset. It is important to note that the
new transformed dataset was originated from the whole
PRONOSTIA dataset, but the CNN was trained with just
the training subsets, which are predetermined (section 3).

2.3 RUL Estimation with Gated Recurrent Unit (GRU)

A Gated Recurrent Unit (GRU) network was developed to
train on the data extracted by the CNN and perform RUL
estimation. A GRU is a variation of the LSTM unit, while
the LSTM is derived from the original Recurrent Neural
Network (RNN) unit (Ashraf Zargar (2021)).

As RNN suffered from the vanishing gradient problem,
which limits the capacity of learning long-term dependen-
cies, the LSTM and the GRU were proposed to overcome
that obstacle. Both LSTM and GRU rely on gates that
control the information flow inside the unit, while the GRU
has one less gate than the LSTM, which has 3, and as such
the GRU can make the training process faster and more
efficient in terms of memory, considering that it has less
parameters. A GRU representation is shown in Figure 4.

Fig. 4. Representation of a GRU unit.

The underlying GRU operations are represented by equa-
tions 4 to 6.

zt = σ(Wz · [ht−1, xt]) + bz (4)

rt = σ(Wr · [ht−1, xt]) + br (5)

h̃t = tanh(Wh · [rt ⊙ ht−1, xt] + bh) (6)

ht = (1− zt)⊙ ht−1 + zt ⊙ h̃t (7)

The main components of the unit are the update gate z
and the reset gate r. The update gate determines how
important the past information is to the current state. The
reset gate allows the unit to eliminate past information
that might be irrelevant for the future time steps. The
unit returns the output yt, which is also the hidden state
ht that is fed to the unit for the next time step.

For this work, the GRU-based network is composed of a
GRU layer, with 128 units, followed by a fully connected
layer with 128 neurons, followed by a dropout layer with a
50% dropout factor, and two more fully connected layers,
one with 64 neurons and the last one with 1 neuron,
which is the output size. The dropout layer randomly
sets to 0 a percentage of a layer’s output. This process
helps to reduce overfitting. Once more the parameters were
manually tuned.

2.4 RUL Postprocessing

Two postprocessing operations are performed after RUL
estimation. First, a moving average smoothing is applied
to reduce the effect of the erratic behavior of the RUL
estimation. A sliding window of size equals to 513 is used
and is represented by equation 8, where ŷs[n] is the RUL
estimation for a given time step and w is the window size.

ŷs[n] =
ŷ[n− 256] + ...+ ŷ[n] + ...+ ŷ[n+ 256]

|w|
(8)

The second postprocessing operation is applied following
the first estimated RUL equals to 0, which marks the
end of the estimation process. The true RUL 0 marks
the end of the experiment for the given subset, where the
bearing reached a critical point of failure. With this post-
processing, the first predicted 0 points to the estimated
time for the bearing’s breakdown. If the estimated RUL
never reaches 0 it means that the estimations were late to
predict the breakdown, but if the error is small, the esti-
mation can still be valuable, considering that a threshold-
triggered alarm would normally be set with considerable
advance in relation to the breakdown point.

3. DATASET DESCRIPTION

The PRONOSTIA dataset contains rolling bearing vibra-
tion data from 17 run-to-failure experiments. The bearings
were not seeded with faults and were allowed to degrade
naturally over time. Vibration data was collected using
accelerometers installed in the rolling bearings coupled to
the AC motor.

Three operation regimes were defined for the experiments,
in terms of revolutions per minute (rpm) and load (N):

• Operation regime 1: 1800 rpm and 4000 N.
• Operation regime 2: 1650 rpm and 4200 N.
• Operation regime 3: 1500 rpm and 5000 N.

The 17 subsets were already divided by the authors into
training and testing. This division by training, testing, and
operation regime is shown in Table 1.

Table 1. PRONOSTIA dataset description.

Operation Regime
Op. Regime 1 Op. Regime 2 Op. Regime 3

Training set
Bearing1 1 Bearing2 1 Bearing3 1
Bearing1 2 Bearing2 2 Bearing3 2

Test set

Bearing1 3 Bearing2 3

Bearing3 3
Bearing1 4 Bearing2 4
Bearing1 5 Bearing2 5
Bearing1 6 Bearing2 6
Bearing1 7 Bearing2 7

Data acquisition was performed with a sampling frequency
of 25.6 kHz, which favors feature extraction techniques,
especially frequency-related ones, as there is more informa-
tion to process. The duration of each subset depends solely
on the fault onset, as such, it varies widely between less
than a minute and more than 5 minutes. There is no infor-
mation on what type of fault occurs, making this dataset
to be a benchmark solely for prognostics algorithms. For
the development of this approach, the RUL values were
scaled to the interval [0, 1].

4. RESULTS

For assessing the model’s performance, the Root Mean
Squared Error (RMSE) is used, once it is one of the most
common metrics for RUL estimation. The RMSE is given
by equation 9, where yi is the true RUL and ŷi is the
estimated RUL for the time step i.
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MSE =
1

n

n∑
i=1

(yi − ŷi)
2

RMSE =
√
MSE

(9)

Table 2 presents the test RMSE values for the proposed
approach (CNN-GRU) and other models used for compar-
ison, which includes the standalone CNN used for RUL
estimation, a Deep Neural Network (DNN) with 5 layers,
and finally a LSTM trained with raw data, which is fea-
tured in Neto et al. (2022).

Table 2. Test results for the PRONOSTIA
dataset.

Model
Preprocessing

method
RMSE

CNN-GRU
STFT

0.191
CNN 0.267
DNN 0.557

LSTM None 0.254

The proposed method outperforms all the other compared
methods by a significant margin, proving the improved
prognostic capacity of the hybrid model. It is difficult
to perform comparisons with other published approaches,
as each study usually choose a different train test split
than the one proposed by Nectoux et al. (2012). Those
that use the split proposed by the author also use the
RUL percent error metric, defined by equation 10. This
metric is equivalent to the Mean Absolute Percentage
Error (MAPE).

%Er i = 100× |ActRULi − PredRULi|
ActRULi

(10)

Table 3 compares the proposed model with other literature
approaches that used the MAPE to evaluate the prognos-
tics performance.

Table 3. Comparison with other approaches
from the literature.

Model MAPE Reference

CNN-GRU 42.34

Bi-directional GRU 44.49 Chen et al. (2020)

RNN 32.48 Guo et al. (2017)

Analyzing the comparison, the proposed approach outper-
formed one of the compared methods and was surpassed
by the RNN proposed by Guo et al. (2017). Nevertheless,
the results are competitive and encourage further modi-
fications to improve the model’s performance in order to
match the state-of-the-art.

Additionally, a comparison of the RMSE and MAPE
between different operation regimes can be performed.
Table 4 presents these results for the test sets of the three
operation regimes for the proposed approach.

The best results were obtained for the first op. regime. The
model achieved poorer performance for the two remaining
op. regimes. It is important to note that the last regime
only has one test set, while the first two have 5 sets
each. One possible explanation is the difference in the
load for each regime (4000 N, 4200 N, and 5000 N for
op. regimes 1 to 3, respectively). As the load increases,

Table 4. Comparison of results between the
different operation regimes, for the CNN-GRU

model.

Op. Regime RMSE MAPE

1 0.143 0.262

2 0.316 0.288

3 0.314 0.321

the rolling bearing will degrade more rapidly, making
abrupt failures more likely, which can be confirmed by
visually inspecting the data and observing that the first
op. regime’s vibration data show a more well-behaved
gradual degradation, as opposed to the remaining regimes,
that contain sudden spikes and aggravation of vibration,
leading to the bearing’s breakdown.

Figures 5 to 6 show the results for one training subset and
two test subsets.

Fig. 5. Bearing1 3 test subset RUL predictions.

Fig. 6. Bearing1 4 test subset RUL predictions.

By visually inspecting the RUL predictions, it can be
concluded that the model was able to estimate the overall
degradation trend of the bearings, with a considerably
small varying error degree. In practical terms, a degrada-
tion threshold can be set to activate an alarm that warns
that the machine has reached a critical degradation level.
A 0.2 RUL threshold would prevent breakdown in 45%
(5 out of 11) of the test cases and a 0.4 threshold would
prevent 72% (8 out of 11).

The results are satisfactory, considering the difficulty in-
volved with this dataset, where there are several different
degradation patterns, including abrupt faults, meaning
that relating these varying degradation scenarios to a
linear RUL is a challenging task.
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ison, which includes the standalone CNN used for RUL
estimation, a Deep Neural Network (DNN) with 5 layers,
and finally a LSTM trained with raw data, which is fea-
tured in Neto et al. (2022).

Table 2. Test results for the PRONOSTIA
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Model
Preprocessing
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RMSE

CNN-GRU
STFT

0.191
CNN 0.267
DNN 0.557

LSTM None 0.254

The proposed method outperforms all the other compared
methods by a significant margin, proving the improved
prognostic capacity of the hybrid model. It is difficult
to perform comparisons with other published approaches,
as each study usually choose a different train test split
than the one proposed by Nectoux et al. (2012). Those
that use the split proposed by the author also use the
RUL percent error metric, defined by equation 10. This
metric is equivalent to the Mean Absolute Percentage
Error (MAPE).
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Table 3 compares the proposed model with other literature
approaches that used the MAPE to evaluate the prognos-
tics performance.

Table 3. Comparison with other approaches
from the literature.

Model MAPE Reference

CNN-GRU 42.34

Bi-directional GRU 44.49 Chen et al. (2020)

RNN 32.48 Guo et al. (2017)

Analyzing the comparison, the proposed approach outper-
formed one of the compared methods and was surpassed
by the RNN proposed by Guo et al. (2017). Nevertheless,
the results are competitive and encourage further modi-
fications to improve the model’s performance in order to
match the state-of-the-art.

Additionally, a comparison of the RMSE and MAPE
between different operation regimes can be performed.
Table 4 presents these results for the test sets of the three
operation regimes for the proposed approach.

The best results were obtained for the first op. regime. The
model achieved poorer performance for the two remaining
op. regimes. It is important to note that the last regime
only has one test set, while the first two have 5 sets
each. One possible explanation is the difference in the
load for each regime (4000 N, 4200 N, and 5000 N for
op. regimes 1 to 3, respectively). As the load increases,

Table 4. Comparison of results between the
different operation regimes, for the CNN-GRU

model.

Op. Regime RMSE MAPE

1 0.143 0.262

2 0.316 0.288

3 0.314 0.321

the rolling bearing will degrade more rapidly, making
abrupt failures more likely, which can be confirmed by
visually inspecting the data and observing that the first
op. regime’s vibration data show a more well-behaved
gradual degradation, as opposed to the remaining regimes,
that contain sudden spikes and aggravation of vibration,
leading to the bearing’s breakdown.

Figures 5 to 6 show the results for one training subset and
two test subsets.

Fig. 5. Bearing1 3 test subset RUL predictions.

Fig. 6. Bearing1 4 test subset RUL predictions.

By visually inspecting the RUL predictions, it can be
concluded that the model was able to estimate the overall
degradation trend of the bearings, with a considerably
small varying error degree. In practical terms, a degrada-
tion threshold can be set to activate an alarm that warns
that the machine has reached a critical degradation level.
A 0.2 RUL threshold would prevent breakdown in 45%
(5 out of 11) of the test cases and a 0.4 threshold would
prevent 72% (8 out of 11).

The results are satisfactory, considering the difficulty in-
volved with this dataset, where there are several different
degradation patterns, including abrupt faults, meaning
that relating these varying degradation scenarios to a
linear RUL is a challenging task.

5. CONCLUSION

A hybrid CNN-GRU model is proposed for rolling bearing
fault prognostics, using the PRONOSTIA bearing prog-
nostics benchmark to train and validate the approach. The
CNN model was used for feature extraction of the STFT-
processed dataset, which then were used to train the GRU
model for RUL estimation. The proposed model was com-
pared with several different ML approaches, which pointed
to a satisfactory and competitive prognostic performance.

For future work, a more in-depth hyperparameter opti-
mization process can be applied to the network, such as
the Bayesian Optimization algorithm (Wu et al. (2019)),
as the network’s performance is sensitive to the parame-
ter change, which can provide a significant improvement
compared to the model obtained with manual tuning in
this work. Another possibility is to develop an interme-
diate health indicator that can improve the prognostic
performance. This technique is based on the extraction
of a univariate condition indicator that is then mapped
to the RUL and is present in most of the state-of-the-art
approaches. Finally, it would be of great interest to make
use of Transfer Learning to apply the developed model
to real-world use cases, without the need to collect large
amounts of data, as the model would already be equipped
with the knowledge obtained from past training, and would
”transfer” it to the new use case. Ultimately, this can be
advantageous to develop new PdM solutions for different
industrial machines that employ rolling bearings.
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