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Abstract: In industrial contexts, prognostics refers to the ability of predicting the Remaining Useful Life (RUL) of
critical components and machines that are part of complex production systems. This is the rationale of a new
maintenance strategy, named Predictive Maintenance (PM), whose ultimate goal is a near-zero downtimes situation.
PM can be implemented through the so-called Prognostics Health Management (PHM) program, which is based on
the monitoring of relevant parameters produced by the equipment, e.g., vibrations, in order to assess its health status.
Based on the Condition Monitoring (CM) data and according to the PHM paradigm, the degradation process leading
to an identified fault condition can be modelled and the RUL computed as the difference between the current time
instant and the instant in which the monitored parameter is predicted to overcome a fixed Failure Threshold (FT). The
supervised and offline approaches exploited to that purpose have important drawbacks limiting their application. In
this paper, a data-driven methodology for the PHM implementation is introduced, which directly processes data in
streaming and in an unsupervised way to detect anomalies, automatically find data partitions and compute the RUL as
new data is available, after degradation models for clusters representing fault conditions have been identified. In this
way, learning algorithms do not require large amount of historical data for training and never-seen incipient failures
can be recognized during the machine functioning. The methodology has been applied to a rolling bearing vibration
signal, whose degrading behavior until the fault has been simulated. Results show that the methodology is able to
recognize a deviating behavior and anticipate the occurrence of the failure with sufficient time. The proposed case
study also highlighted the necessity of a supervised and offline part for the FT and degradation model definition.
Keywords: predictive maintenance; Prognostics Health Management; data-driven methodology; online
learning; unsupervised learning
1.

Introduction

Prognostics Health Management (PHM) is a recently
developed approach for the realization of predictive
maintenance of complex production systems. Differently
from Condition-Based Maintenance (CBM), that only has
diagnostics capability, PHM also includes prognostics, that
aims to anticipate the occurrence of a failure by predicting
the Remaining Useful Life (RUL) of the component. In this
way, maintenance interventions could be scheduled with
sufficient time. The PHM takes advantage of several
Machine Learning (ML) and Artificial Intelligence (AI)
methods to get relevant information from the huge amount
of raw signal collected from sensors and support the
maintenance decisions (Jardine, Lin and Banjevic, 2006). In
last years, many researchers have focused their efforts on
improving ML methods for the PHM. In particular,
supervised learning approaches have been largely
investigated, as they allow to classify different fault classes
and built reliable degradation models based on several
training sets. Classification and regression models, as
supervised tasks, learn rules from the training set and use
them for future classification and prediction (Lolli et al.,
2018), (Alsina et al., 2018). The term supervised refers to
the consideration of a target variable, or label, during the
learning process, that in the context of PHM corresponds
to the fault condition (for classification) as well as the RUL
(for regression) of the component/system. After data

collection, the PHM suggests to conduct the following
three main activities, (Shin et al., 2018): signal processing or
feature extraction, diagnostics, prognostics. The first step
deals with the extraction of relevant characteristics from
raw signals, named features, that are able to reveal the health
status of the component and distinguish it from other
health conditions; diagnostics deals with the identification
of the relationships between the extracted features and the
health status; prognostics deals with the degradation
process modelling and ultimately with the prediction of the
RUL. Traditionally, feature extraction is conducted by
processing signals into the time domain, the frequency
domain, and/or the time-frequency domain (Saufi et al.,
2017), in order to extract statistical features, such as the
mean, variance, kurtosis, and other (Wang et al., 2015), or
energy features from raw signals. Often, PCA or deep
learning, are also used as feature learning directly from raw
signals, or dimensionality reduction and feature selection
tools applied to a previously extracted feature set (Chalouli,
Berrached and Denai, 2017). Diagnostics is mostly
conducted by using classification models, such as Artificial
Neural Networks (ANNs) (Gan, Wang and Zhu,
2016),(Alsina, Cabri and Regattieri, 2016), Support Vector
Machines (SVMs) (Patel and Upadhyay, 2016), k-Nearest
Neighbour (k-NN) or deep structures, like Deep Belief
Networks (DBNs), Convolutional Neural Networks
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(CNNs) and Recurrent Neural Network (RNNs). Most
recently, to tackle the lack of training sets, unsupervised
learning is also adopted for diagnostics purposes. Anomaly
detection and clustering techniques are often combined in
order to group observations into clusters, characterized by
a high similarity among observations belonging to the same
cluster and a low similarity among different clusters. In
these approaches, anomalies or small clusters are
representative of abnormal situations that may describe
fault conditions (Wei et al., 2017), (Rai and Upadhyay,
2017). While diagnostics is a post-failure analysis,
prognostics aims to predict when the fault condition is
going to happen. Therefore, instead of classification
models, regression models are adopted to forecast the
values that a properly selected Health Indicator (HI) is
assuming in next feature and compute the RUL as the
difference between the current time instant and the instant
in which the HI is expected to exceed a pre-determined
Failure Threshold (FT) (Lolli et al., 2017). The RUL
prediction is traditionally based on either physics or
Condition Monitoring (CM) data models. Although
physics-based models are more reliable, as they are based
on the physic principles of components, they are difficult
to build for complex systems. Hence, data-driven
prognostics is adopted for modelling the evolution of the
degradation for a specific fault behavior of a system. To this
purpose, regression models, Bayesian methods as well as AI
methods could be adopted (Shahraki, Yadav and Liao,
2017).

evolving models, able to handle streaming data (to deal with
the concept drift and the concept evolution) for real-time
anomaly detection, data clustering and classification are
receiving great attention in the context of PHM.
In this paper, an unsupervised and online methodology able
to detect anomalous behaviours, create data clusters for
each identified condition, and predict the RUL is proposed.
After the first time a fault condition is occurred, the
proposed methodology is able to build a degradation model
for each of the generated cluster during an offline procedure;
then, the corresponding model is updated online, as new
data is available, and the RUL is computed based on current
data points. Therefore, the methodology (1) could be
applied from “scratch”, i.e., from the first read data sample,
since it learns from new incoming points instead of
historical datasets; (2) it could allow to store only the
extracted features, reducing in this way the problems
related to the data transmission and storage capacity; (3)
since fault detection and RUL prediction can be carried out
by light-weight algorithms, the online block could be
implemented in edge devices, which would provide realtime information about the system behaviours; (4) it allows
to collect the data while the machinery is functioning so
that training sets can be accumulated for next accurate and
reliable analysis with ML algorithms in a cloud/central
server. Therefore, the proposed methodology could
represent a starting solution towards the implementation of
real-time predictive maintenance, having the potential to
provide immediate feedbacks on the machine behaviours
with minimal economical and time resources for obtaining
historical data. The application of the methodology
requires to select methods for extracting features,
recognizing anomalies, clustering data as well as modelling
the degradation behaviour from a large set of possibilities.
The driver in this paper was the final application, that is
represented by vibration signals of rolling bearings. These
are non-stationary signals, often characterized by noise, to
be analysed in streaming, with no prior cleansing activities.
Therefore, time-frequency analysis, and in particular
Empirical Mode Decomposition (EMD), has been chosen
due to its ability to deal with non-stationary signals and its
efficiency from the computational point of view. The
Recursive Density Estimation (RDE) and the Autonomous
Data Partitioning (ADP) have been chosen for anomaly
detection and clustering, respectively. These methods are
strictly related to each other and, to the best of our
knowledge, they are the only ones that efficiently face the
concept drift and concept evolution principles, considering
a moving window of past data to compare with incoming
data and creating clusters that can modify their shape as
new data is available. Finally, the State-Space Model (SSM)
has been chosen because of the characteristics of the
simulated failure. Indeed, data collected are related to the
degradation behaviour of rolling bearings, which can be
described by an almost monotone HI. The SSM is a method
that well fits data and can be efficiently updated when is
inputted with monotone functions.
The remaining of the paper is organized as follows. Section
2 provides a theoretical background of the main algorithms
adopted in the methodology, that are the EMD for feature
extraction, the RDE for anomaly detection, ADP for data
clustering, and the SSM for degradation modelling. Section

Figure 1: PHM for maintenance decision process

Typical applications of PHM rely on historical data sets that
are stored and analysed in batch and in an offline mode
(Calabrese, Regattieri, Bortolini, et al., 2019). The RUL
prediction is then implemented online, based on the results
obtained in the offline step (Tobon-Mejia et al., 2012),
(Soualhi, Medjaher and Zerhouni, 2015). However, there
are some issues that limit the application of this approach
in real industrial contexts. First, historical information
related to machinery is difficult to obtain since timeconsuming accelerated tests should be conducted; in
addition, even if several tests are carried out, it is not
possible to know a priori all fault causes, and therefore
simulate all possible fault conditions. Second, the massive
data collected by sensors requires high storage capacity and
often causes problems from the transmission point of view.
Finally, the industrial environment is inherently dynamic
and requires learning models to adapt as new data is
available. The possibility to collect data in real-time is
pushing towards streaming applications, where data are
continuously collected. Streaming data are characterized by
the concept drift, that refers to change over time of the data
distribution, and the concept evolution, that refers to the
possibility that new classes or clusters, representing new
patterns, can occur at any point in time. Therefore, self-
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3 describes the necessary steps of the proposed
methodology and provides a pseudo-code for its
implementation that integrates all the described algorithms.
Finally, section 4 provides an application of the proposed
methodology to rolling bearings, whose degradation test
data have been acquired using the PRONOSTIA platform
(Nectoux et al., 2012).
2.

others at a certain time instant (Bezerra et al., 2015). Data
density is defined as the inverse of the sum of the total
distances between all data points. If the Euclidean distance
is considered, the density at a certain point is recursively
computed as follows (Angelov, 2014):
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Due to the non-stationary characteristics of the rotating
machinery’s vibration signals, like those produced by
rolling bearings, processing signals into the time-frequency
domain is more effective for feature extraction (Calabrese
et al., 2018). The Empirical Mode Decomposition (EMD)
performs a time adaptive decomposition operation,
according to which the signal is decomposed into a set of
complete and almost orthogonal components, named as
Intrinsic Mode Function (IMF). From the obtained IMF, it
is possible to extract the energy of the signals in different
frequency bands, that change when a fault condition occur
(Bin et al., 2012). The decomposition starts with the
research of the maxima and the minima along the signal
!(#). Then, the maxima and minima are interpolated by
means of two splines, %&'( (#) and, %&'( (#), that represent
the boundaries of the signal. Finally, the mean function
)(#) is extracted and removed from the original signal,
obtaining the new signal !* (#) = !(#) − )(#). This signal
is an IMF if satisfies the following conditions (Rai and
Upadhyay, 2017): (1) There must be an equality or a
difference of at most one between the number of extrema
and the number of zero crossings, and (2) the envelope
defined by the local maxima and the envelope defined by
the local minima must have zero average. The procedure is
repeated until the obtained signal satisfies those conditions.
When the conditions are satisfied, then the first IMF,
-* (#), is obtained and subtracted from the original signal,
obtaining the residual signal .* (#) = !(#) − -* (#). The
residual signal represents the input for the second IMF
computation. The process stops when the residual signal is
a constant or a monotonic function (Ricci and Pennacchi,
2011). From the obtained IMF, the energy features can be
extracted as follows:

(3)
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where
ΔC = |:(!7 ) − :(!7@* )|

(6)

and 4% is the number of feature vectors belonging to the
same heath status. When an anomaly is detected and the
status changes from one condition to another, 4% is set to
zero and the value of >C notably decrease. Hence, as data
are collected and 4% is incremented, >C will be greater than
:(!7 ) and the first status can be re-established.
2.3.

Autonomous Data Partitioning – ADP

The ADP algorithm has been introduced for the first time
in (Gu, Angelov and Príncipe, 2018). In its recursive form,
it partitions streaming data based on the concept of density,
as introduced in section 2.2. Moreover, it uses the concept
of cloud, instead of cluster, since the algorithms can
generate arbitrary-shape cluster (Angelov and Yager, 2011).
Each cloud is associated with two parameters: G7,6 , that is
the prototype of cloud H at the iteration 4; and I7,6 , that is
the number of data points belonging to the cloud H at the
iteration 4. When the first feature vector is read, a first
cloud is created and its parameters initialized as G*,* = !*
and I*,* = 1. Then, for each feature vector 4 > 1, it
computes the density at the prototypes of each cloud
:7 KG7,6 L. If the density at the current point is
greater/lower than the density at any of the existing data
cloud:

6
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where /0 is the energy of the 9th subband for the IMF -2
and 4 represent the data sample.
2.2.

>* = !*

>7 and B7 are the global mean and the scalar product of
the data sample !7 at the time instant 4. Based on these
parameters, the anomaly detection is realized by comparing
this global density with a local density, computed as
follows:

Empirical Mode Decomposition

/0 = 1 -2 |(4)|5

(2)

where

In this section, the methods included in the proposed
methodology are briefly described. In particular, the EMD
is used for feature extraction in the time-frequency domain;
RDE and ADP are described for anomaly detection and
data clustering in streaming applications; the SSM is finally
used for building the degradation model after a complete
run-to-failure data set is obtained.
2.1.

1
1 + ‖!7 − >7 ‖5 + Σ7 − ‖>7 ‖5

than the current feature vector generates a new cloud.
Otherwise, the cloud with the nearest prototype to the
current feature vector is selected, C[∗ , and the condition
expressed by Eq. 8 is checked: if the distance between the
current feature vector and the nearest prototype is lower
than the average distance between all the data samples, then

Anomaly detection

The RDE is a concept used for fault detection in streaming
data, which is based on the calculation of the density of a
point, that determines how close a data sample is from the
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the feature vector is assigned to the nearest cloud, whose
parameters are updated by Eq. 9 and 10.
]K!7 , G7@*,6∗ L <

^7
2

ADP during the online step help determine the Failure
Threshold (FT) over which the system is no more able to
perform its activities and are used in the offline analysis to
build the degradation model leading to the fault condition.
The degradation model is finally used to predict, in the
online block, the future behaviour of the system and
ultimately its RUL, as the difference between the current
time and the time in which the system is expected to exceed
the failure threshold. The online procedure performs feature
extraction, anomaly detection and data partitioning, until an
anomaly is detected. Then, degradation modelling updating
and RUL prediction are also included. The offline procedure
is activated when an anomaly is detected. Thus, features
computed until the anomaly is detected are collected,
stored and used as input for the degradation modelling,
which will be updated during the online procedure for HI
values forecasting and RUL prediction. Note that, all the
algorithms described in the previous sections have been
integrated in a unique algorithm that, when detects an
anomaly, also checks for cloud creation and updating
procedure. The block diagram of the proposed
methodology is shown in Fig. 2.

(8)

where ^7 ~a]̅7 = a2(Σ7 − ‖>7 ‖5 )
I7,6∗ = I7@*,6∗ + 1
G7,6∗ =

I7@*,6∗
1
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!
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I7,6∗ 7

(9)
(10)

Otherwise, it creates a new cloud.
2.4.

State-Space Models – SSM – for degradation
modelling

The occurrence of a failure is often the result of a
degradation process hidden into the collected parameters.
However, the relationships between the collected
parameters and the degradation of the system is often
unknown. Therefore, State-Space Models (SSM) are often
adopted for describing the stochastic process underlying
the degrading progression of the failure (Jianmin, 2011).
Given an unobservable state process {!d }dfg and an
observation series {hd }dfg, the SSM is completely specified
by the initial state distribution i(!g ) and the conditional
probability density function i(hd |!d ) for # ≥ 1
k

i(hd |!g:d , h*:d@* ) = i(hd |!d)
i(!d|!g:d@* , h*:d@* ) = i(hd |!d@* )
h = m(!d ) + nd
=k d
!d = o(!d@* ) + pd

(11)

where !d is the unobserved state of the system at time #, hd
is the observation at the time #, nd and pd are the process
and measurements noises, respectively (Sun et al., 2012).
The first equation, named as observation equation reflects
the relationship between the latent degradation condition
and the indirect degradation indicator (collected
parameter), while the second equation, named as state
equation, reflects the evolution of the failure, i.e., the latent
degradation condition. Given the SSM, the main task is to
make an inference on the unobserved health state and
predict the future state based on the collected parameters.
Dynamic Bayesian methods are the most adopted for the
state estimation of stochastic processes. Besides the
specific degradation models, it is important that the
observation hd should be as monotonic as possible in time,
so that it decreases/increases as the degradation increases.
Therefore, for building an accurate degradation model, a
proper Health Indicator (HI) should be selected, which can
be either extracted directly from raw signals or computed
from previously extracted features along the whole life of
the component.
3.

Figure 2: The proposed methodology

First, the time window, pd , over which features are
extracted has to be defined. For rotating systems, it could
be, for example, equal to the cycle time of the machine.
Then, for each signal segment, the EMD is computed in
order to extract the energy feature !7 , that is taken as HI.
For each feature !7 , computed at the 4-th iteration, the
mean value, the scalar product and the density are
computed by Eq. (3), (4) and (2), respectively. In addition,
parameters associated to the created cloud at the first
iteration are updated by Eq. (9) and (10). Then, the
condition (12) is checked (Costa, Angelov and Guedes,
2015)

The proposed methodology

Based on the methods and algorithms described in previous
section, an unsupervised and partially online methodology
has been developed for fault detection, clustering and RUL
prediction (Calabrese, Regattieri, Botti, et al., 2019). The
methodology can be divided into two main blocks: the
online block takes as input streaming data, performs realtime processing, and gives as output a warning alarm when
a fault condition is occurring. Results obtained from the

:(!7 ) < >C for 4 = 4 − 9, … 4

(12)

where 9 is an input parameter that represent the number of
past values of the feature vector to compare with the
current one. If the condition (12) is satisfied, then !7 is
considered anomalous. At this point, the ADP is triggered.
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In particular, if condition (8) is satisfied, then the current
feature vector is assigned to the nearest cloud, whose
parameters are updated by Eq. (9) and (10). Otherwise, it
will generate a new cloud, whose parameters are initialized.
The so-partitioned feature samples are therefore stored and
used as HI for the SSM construction in the offline step.
After restoring the proper condition, the online procedure is
re-activated. In particular, as shown in the diagram in Fig.
2, the inputs of the procedure are now the following: FT,
pd , the degradation model and the parameters related to
the model updating, i.e., the number of HI values to
forecast, m, the interval between two model updating, q,
and the number of iterations over which the model has to
be updated, r. Until the detection of an anomaly, the
procedure remains the same as the first implementation.
However, when an anomaly is detected and the feature has
been assigned to a cloud, the updating of the degradation
models is included into the procedure. Therefore, from the
detection of the anomaly, m HI values are forecasted by the
model based on the past r HI values, every q iterations. If
the predicted HI values exceed the pre-determined FT, the
RUL is predicted as the difference between the current time
instant and the time in which the HI value is expected to
reach the pre-determined FT. However, during the q
iterations, it could happen that the actual HI value exceed
the FT. In this case, the fault condition is occurred before
the procedure was able to recognize it, causing an
unexpected downtime. Therefore, the parameters q, m, and
r should be properly selected, so that the best trade-off
between computational requirements and accuracy of
prediction is found. In addition, when an anomaly is
detected, i.e., the status of the monitored component is
changed, the condition 13 is checked (Costa, Angelov and
Guedes, 2015)
:(!7 ) > >C for 4 = 4 − 9, … 4,

bearing in three different conditions. Data were collected
from two acceleration sensors, attached horizontally and
vertically to the tested bearing, with a sampling frequency
of 25,600 Hz. Each 10 seconds, 2560 samples have been
recorded. All bearings have different life durations, varying
from 1 to more than 7 hours. In this case, only the first
learning set of bearings in condition 1 is considered, whose
horizontal acceleration during its life is depicted in Fig. 3.

Figure 3: Run-to-failure data of Bearing1_1

The signal has been divided into several bins of 100 second
(pd = 100), each including 25,600 data samples. For each
signal segment, the IMFs have been computed through the
EMD method and the energy has been extracted by Eq. 1.
Fig. 4 shows the IMFs corresponding to the last signal
segment (on the left), and the energy feature of the signal
(on the right).

(13)

Figure 4: Energy and HI value extracted over the data set

That is, if the global density at a certain point is lower than
the mean density of the points corresponding to the new
status for the previous 9 points, then the current point is
not considered anomalous anymore. This condition serves
for restoring the “normal” condition after an anomaly has
been detected, so that new anomalies can be recognized. In
this way, the algorithm is able to handle situations in which
a point is erroneously considered anomalous or anomalies
occur due to some measurement errors. Note that, if
training sets are available, this algorithm can be applied for
the unknown fault conditions. Indeed, clouds related to the
known fault classes could be initialized. When an anomaly
is not assigned to any of the existing clouds, further analysis
could be conducted to establish whether it corresponds to
an actual fault condition and eventually trigger the offline
analysis. In this way, next implementation of the procedure
will also include the degradation model updating for the
new discovered fault condition.
4.

Being the feature too oscillating, it is not suitable to be
adopted as HI for degradation modelling. Therefore, the
AAD has been applied to extract the mean (Eq. 3) of the
energy computed recursively, which then has been adopted
as HI (green line in Fig. 4). The SSM is built based on the
HI values and the FT is set as the last value assumed by the
HI. The fit to estimation data of the model is equal to the
99.24 %. Then, the online part of the methodology, is
activated. The result is shown in Fig 5. a). It can be seen
that the anomaly detection algorithm effectively recognizes
when the component behaviour is deviating from the initial
one (indicated by the red dots). Some anomalous points are
also detected at the beginning and the RUL prediction is
triggered.

Case study

In this section, a case study for validating the proposed
methodology is presented. The structure of PRONOSTIA
platform and how the experiments have been carried out
are both described in detail in (Nectoux et al., 2012). Runto-failure experiments have been conducted on rolling

Figure 5: a) Anomaly detection. b) RUL prediction
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However, when the status is considered “normal” again,
(blue dots) the model updating and RUL prediction parts
are not executed. This example justifies the presence in the
algorithm of Condition 13. Indeed, the anomalies do not
represent a failure nor an incipient fault. Rather, they could
be present because of the time needed by the component
to go to its regime functioning. This is also confirmed by
the data partitioning algorithm, that recognizes three data
clouds. The second cloud is created when the first anomaly
is detected. However, even if the behaviour of the
component is considered normal after a while, i.e., changes
status, the data partitioning algorithm continues to assign
data points at the current cloud, meaning that points are
considered not deviating from the new behaviour. In
contrast, when the second anomaly is detected, a third
cloud is created. Until the end of the experiment, the
behaviour is continued to be considered anomalous and
data points assigned to the same cloud. This could mean
that a fault condition is identified. From the first anomaly
detected, the degradation model has been updated every
q = 10 iterations. In particular, at each model updating,
m = 50 HI values have been forecasted based on r = 20
previous HI values. At each iteration, the RUL has been
predicted as the time difference between the current time
and the time in which any of the forecasted HI values is
expected to reach the fixed FT. In Fig. 5. b), the predicted
RUL (red crosses) and the real RUL (dashed line) are
depicted. The following table shows the values of the
estimated RUL against the real RUL (expressed in minutes),
computed after a certain number of cycles, with the
corresponding error of prediction.

predictive maintenance. First, the anomaly detection allows
to determine in real-time if the behaviour of the component
is changing from the correct functioning. In the meanwhile,
the clustering algorithm allows to classify the whole life of
the component in different health stages until the fault
condition. The degradation model that is generated from
this training set can be applied to different bearings, whose
behaviour is similar, but not equal, to the previous one.
Indeed, the model upgrading process considers both the
original model and new incoming data. In addition, the
mean computed recursively by the anomaly detection
algorithm is always almost monotonic, which suggests that
it could always be used as HI. These considerations make
the methodology more generalizable and a practical
solution for industrial contexts. Main limits regard the
following aspects: first, some knowledge about the failure
is still required to determine the FT and compute the HI;
second, the possibility to have more fault classes is not
considered; third, the algorithm should learn from false
positives and adapt its input parameters as well as cluster
structure based on this information Future research will be
therefore focused on three points: how to reduce as much
as possible the supervision of the phenomenon, how to
automatically choose the correct degradation model from a
set of models corresponding to different fault classes, how
to let the algorithm learn from false positives.
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