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ABSTRACT The remaining useful life (RUL) prediction of rolling bearings has recently gained increasing
interest. Many models have been established to catch the degradation performance of bearings. However,
there are two shortcomings existing in those models: (1) the health indicator (HI) that used for the first
predicting time (FPT) selection is insensitive to incipient faults; (2) the parameter estimation must be
based on the historical data, which are not available for some applications due to expensive experiment
cost. To overcome the first shortcoming, this paper firstly adopts the mean absolute value of extremums
(MAVE) of signals to feature signal energy. Then, the root mean square of the MAVE values (RMS-MAVE)
is developed as a new HI to embody signal changes. After that, based on RMS-MAVE values, an adaptive
FPT selection approach is proposed by the 3σ approach. For the second shortcoming, through coupling
acquired measurement data with the exponential model, a dynamic exponential regression (DER) model
based on RMS-MAVE values is proposed to predict the RUL of bearings. The comparison study indicates
that RMS-MAVE is superior to the existed ones in FPT selection for distinguishing different health state of
bearings, and the DER model performs better than the existed ones in RUL prediction.

INDEX TERMS Remaining useful life, rolling bearings, first predicting time, root mean square, the mean
absolute value of extremums, dynamic exponential regression model.

I. INTRODUCTION
Rolling bearings are widely used in rotating machinery, and
their failure is one of the foremost causes of the failures in
both industry and domestic appliances [1]. Prognostics and
health management (PHM) of rotating machinery, especially
for bearings, has attracted extensive attention due to its effec-
tiveness in avoiding the abrupt shutdown. Since the key of
PHM is to accurately predict the remaining useful life (RUL)
of machinery in advance, different approaches have been
proposed for the RUL prediction of rolling bearings in recent
decades.

Generally, the existed RUL prediction approaches
can be categorized into model-based approaches and
data-driven approaches generally. Model-based approaches
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build physical or mathematical models to describe the
degradation processes of machinery on the basis of the
failure mechanisms. Paris and Erdogan [2] proposed a
Paris-Erdogan (PE) model to describe the crack growth, and
it has been widely extended into many versions [3]–[6] for
the RUL prediction of machinery. Tian and Liao [7] and
Liao et al. [8] developed a proportional hazards model-based
approach to estimate the RUL of bearings. Gebraeel et al. [9]
established an exponential model to compute the residual-life
distribution for devices, where the parameters were updated
by Bayesian approach. Li et al. [10] enhanced the exponential
model by applying SIS algorithm to the posterior residual-
life distribution estimation of bearings. Wang and Tsui [11]
improved the exponential model to a more general case
by relieving the underlying assumption of drift coefficient.
Model-based approaches can provide accurate estimation for
the RUL if the failure mechanisms are well understood and
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the model parameters are accurately estimated. However,
their applications will be restricted when the mechanical
systems are too complex to understand the physics of damage.

Data-driven approaches build the degradation model from
the historical data using machine learning [12] or statistical
approaches [13]. Gebraeel et al. [14] applied an ANN-based
model to predict the RUL of bearings. Liu et al. [15] proposed
an RNN-based model for the RUL prediction of Lithium-lon
battery. In addition, a number of studies have been pub-
lished on SVM/RVM-based approaches [16]–[18] and neuro-
fuzzy systems based approaches [19], [20]. Compared to
model-based approaches, data-driven approaches can deal
with prognostic issues of complex systems without consid-
ering the failure mechanisms, therefore, they are attracting
more and more attentions in the machinery prognostic field.
However, both of the above two approaches require that the
unknown parameters of models must be estimated from the
historical data, which is often not available for some applica-
tions due to expensive experiment cost. Therefore, this paper
intends to develop a new framework for the RUL prediction
of bearings without the historical data by coupling acquired
measurement data with the degradation model.

There are two challenges associated with the develop-
ment of the RUL prediction of bearings: (1) determine the
first predicting time (FPT); (2) build an appropriate degra-
dation model to describe the bearing degradation process
accurately.

In general, the bearing degradation process contains two
distinct stages. In Stage I, a bearing stays in normal operation
condition without any faults, while in Stage II, bearing faults
occur and get severer as time goes on. The time beginning
to predict the RUL is defined as the first predicting time
(FPT), and it should be the time that the first bearing fault
occurs. It is important to determine the FPT appropriately
since the FPT can significantly affect the accuracy of RUL
prediction [10], [13]. The key for FPT selection is to develop
a health indicator (HI) that can reflect the health state of
bearings effectively. HI is a feature or a set of features of
the measured data of bearings that can express the health
state of bearings. Several approaches to HI extraction have
been published, and among them, the most widely used HI
is the root mean square (RMS) value of the vibration signals.
RMS is defined as the square root of the arithmetic mean of
the squares of a set of signals, and its value usually remains
steady when the bearing stays in Stage I and keeps increasing
during Stage II [21]. However, RMS is insensitive to incipient
faults [10]. The reason is that the energy of fault signals
is weak in the early stage of the lifecycle, and it will be
covered by a large number of noises. Confronted with that,
this study firstly uses thewavelet denoisingmethod to remove
the Gaussian noise. Then noticed that the local extremums of
signals in degradation stage are mainly caused by faults, and
they are much higher than the local extremums of signals in
normal operation stage, therefore, the mean absolute value of
the extremums (MAVE) of signals is adopted to feature the
energy of incipient faults. Finally, the root mean square of

the MAVE values of signals (RMS-MAVE) is adopted as a
new HI to better embody the distinction between the signals
in normal operation stage and the signals in degradation stage.
Once the vibration signals are obtained, the FPT can be
determined quickly based on the behavior of RMS-MAVE
values. Different methods have been proposed to determine
the FPT, such as the engineering norm ISO 10816 based
approach [16] and the system’s longest time constant based
approach [22]. The 3σ approach has been widely used in FPT
selection [10], [23], [24], one advantage is that the alarm,
which is used to determine the FPT, can be set adaptively
according to the HI behavior of bearings. Therefore, the 3σ
approach is adopted here to select the FPT based on the new
developed HI, i.e., RMS-MAVE.

Though RMS-MAVE is able to reflect the progression
of faults, due to the existence of noise, the value of
RMS-MAVE will show large local fluctuations, which will
affect the improvement of prediction accuracy. Inspired by
the smooth method shown in [25], a cumulative sum tech-
nique (CST) method is adopted in this paper to smooth
RMS-MAVE, so that the underlying monotonic trend that
correlates to the degradation performance of bearings can
be revealed. Furthermore, to model the degradation pro-
cess of bearings and predict its RUL without historical
data, noticed that the exponential model has been shown
effective in modeling the degradation processes when the
cumulative damage has a particular effect on the rate of
degradation [9]–[11], [26], a dynamic exponential regres-
sion (DER) model is proposed based on the most recent
smoothed RMS-MAVE values, where the parameters of the
model are updated in real-time to ensure the RUL prediction
accuracy.

This paper proposes an RUL prediction method for rolling
bearings based on RMS-MAVE and DER model. The major
contributions of this work are summarized as follows:

(1) A new HI named RMS-MAVE is developed to
improve the sensitivity of RMS to incipient faults,
where the MAVE of signals is extracted to better
embody the distinction between the signals in nor-
mal operation stage and the signals in degradation
stage.

(2) A novel DER model is proposed for the RUL predic-
tion of bearings in the absence of historical data, and
the model parameters are updated in real-time, which
ensures the RUL prediction accuracy.

The remainder of the paper is organized as follows.
In Section II, the FPT selection based on RMS-MAVE is first
introduced, and the RULpredictionmethod based on theDER
model is carried out. In Section III, a simulated dataset of
vibration signals is used to demonstrate the effectiveness of
the RMS-MAVE in FPT selection and the superiority of DER
model in RUL prediction. In Section IV, the effectiveness of
the proposed methods is further demonstrated by two real
datasets of bearing vibration signals. Finally, some conclu-
sions are given in Section V.
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II. THE PROPOSED METHOD FOR ROLLING BEARINGS
RUL PREDICTION
The health prognostic program of rolling bearings is gen-
erally composed of four technical processes [27], i.e., data
acquisition, HI construction, health stage division, and RUL
prediction, while two challenges among those processes are
determining the FPT and predicting the RUL of bearings. The
key to FPT selection is to construct a HI that can well reflect
the health state of bearings. Recently, the RMS of vibration
signals has been widely used as the HI due to its ability in
characterizing different health stages well [27]–[29]. How-
ever, since the energy of fault signals is weak in the early stage
of lifecycle, and it will be covered by a large number of noises,
the common used RMS that extracted from signals directly
will be insensitive to incipient faults. Therefore, in this
section, to overcome this shortcoming, the Gaussian noise is
firstly removed from the signals using the wavelet denoising
method. Then, considered the fact that the local extremums
of signals in degradation stage are mainly caused by faults,
and they will be much higher than the local extremums of
signals in normal operation stage, the mean absolute value of
extremums (MAVE) of signals is extracted to well feature the
energy of incipient faults. After that, by calculating the RMS
of MAVE values of signals, a new HI called RMS-MAVE is
developed to better embody the distinction between the sig-
nals in normal operation stage and the signals in degradation
stage. Finally, the 3σ method is adopted to determine the
FPT based on RMS-MAVE values. Once the FPT is deter-
mined, the RUL prediction process is carried out. To catch
the degradation performance of RMS-MAVE in degradation
stage in real-time, the RMS-MAVE is firstly smoothed using
the cumulative sum technique (CST). Then, a dynamic expo-
nential regression (DER) model is proposed based on the
smoothed RMS-MAVE values. Finally, the predicted RMS-
MAVE value is compared with a given failure threshold to
determine whether a bearing is failed or not. If the bearing
is determined to be failed, the RUL is calculated based on
the numbers of the predicted RMS-MAVE values before the
failure threshold is reached. Otherwise, the parameters in
DER model are updated by the new predicted RMS-MAVE
values, and the prediction process is repeated until the failure
threshold is reached. Instead of requiring large amounts of
historical data, the proposed method can predict the RUL of
bearings only relying on the most recent measurement data
of bearings, and the parameters of the model can be updated
in real time to ensure the prediction accuracy. More details of
themajor steps involved in the proposedmethod are described
as follows.

A. FPT SELECTION BASED ON THE RMS-MAVE VALUES
This subsection describes the details of the RMS-MAVE
construction process and the adaptive FPT selection method
based on 3σ approach.

1) RMS-MAVE CONSTRUCTION
As mentioned in the introduction section, the lifecycle of
rolling bearings has two stages, i.e., normal operation stage

FIGURE 1. The construction process of RMS-MAVE.

and degradation stage, and it is important to select an appro-
priate FPT value. Confronted with the shortcoming of RMS
in monitoring the incipient faults of bearings, a new HI called
RMS-MAVE is proposed in this work. The construction
process of RMS-MAVE can be shown in Fig. 1, and it is
described in details as follows:
Step 1: Remove the Gaussian noise from signals.
In signal processing, wavelet denoising is considered

as an efficient approach to handle the Gaussian noise for
non-stationary vibration signals, and different works have
suggested using db4 wavelet as the basic wavelet with 3rd

or 4th level of decomposition [30], [31]. Therefore, in order
to reduce the influence of the noise on vibration signals,
the wavelet denoising using db4 function with 4th level of
decomposition is first applied to the signals, and the soft
threshold approach is employed.
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Step 2: Extract the local extremums (including maximum
and minimum values).

The local extremums of signals in the degradation stage are
caused by faults, and they are much stronger than the local
extremums of signals in normal operation stage. Therefore,
the local extremums contain more information about faults,
thus they can better embody the distinction between the sig-
nals in normal stage and the signals in degradation stage. The
length of window to extract the local extremums is set to the
rotation period of bearings.
Step 3: Fit the extremums and calculate the MAVE values.
Based on the extremums extracted in Step 2, the cubic

spline interpolation method is used to fit the extreme curves,
i.e. the maximum curve and minimum curve. Then a new
feature called MAVE is obtained by calculating the mean
absolute value of the extremums (MAVE) of signals, and it
can be expressed as follows:

xMAVE (ti) =

∣∣xup (ti)∣∣+ |xdown (ti)|
2

, i = 1, 2, · · · ,M

(1)

where xup (ti) and xdown (ti) are values of maximum curve
and minimum curve at time ti respectively, xMAVE (ti) is the
MAVE value at time ti, and M is the total number of the
measurement data.
Step 4: Calculate the RMS-MAVE values.
Based on the MAVE values obtained in Step 3, the RMS-

MAVE can be calculated by the next expression:

x(n)RMS−MAVE =

√√√√ 1
mn

mn∑
i=1

(xMAVE (ti))2, n = 1, 2, · · · ,N

(2)

where x(n)RMS−MAVE is the nth RMS-MAVE value of signals, N
is the total number of RMS-MAVE values, mn (< M) is the
length of the nth window of MAVE values, and mn usually
takes the integer multiple of the number of samples extracted
in a single cycle.

2) FPT SELECTION
The RMS value usually remains steady in the normal opera-
tion stage [26], and once a fault occurs, the RMS will begin
to increase until the end of life. Therefore, an alarm boundary
should be determined by the performance of RMS-MAVE
value in normal operation stage. Since the main source of
the fluctuation in normal operation signals is Gaussian noise,
the 3σ approach is adopted to set the alarm boundary for FPT
selection.

The 3σ approach has beenwidely used in the FPT selection
of bearings [10], [23], [24], and one advantage of it is that
the alarm boundary can be set adaptively according to the
HI behavior of bearings. The basic theory of 3σ approach
is Chebyshev’s inequality, which can be expressed in the
following manner:

P (|x − u| ≥ Kσ) ≤
1
K 2 (3)

where P is the probability of the event, x is a random variable
with mean u and standard deviation σ , and K is a positive
number.

It can be derived from (3) that, when K is set to 3, the
probability of any data point falling outside 3σ distance away
from the mean is less than 1/9. However, for the real bearing
vibration signals, there are still some outliers in the normal
operation stage because of the existence of noise, and it will
affect the accuracy of FPT selection. Confronted with this,
a strategy is adopted to determine the FPT, i.e., the time ti is
the FPT only if the following condition is satisfied:∣∣x (tj)− u∣∣ ≥ 3σ, j = i, i+ 1, · · · , i+ v− 1 (4)

where v is usually taken as 5 as [24] suggested. Accordingly,
the FPT can be determined if there are five consecutive data
points falling outside the 3σ limits.

B. RUL PREDICTION BASED ON THE DYNAMIC
EXPONENTIAL REGRESSION MODEL
This subsection describes the details of the smooth process
using the CST method, and the RUL prediction process using
the DER model.

1) SMOOTHING THE HEALTH INDICATOR USING
CUMULATIVE SUM TECHNIQUE (CST)
Any rolling bearing is bound to degrade as time grows.
A monotonic HI that properly correlates to the degrada-
tion performance of the bearing can lead to a simple and
accurate prognostic model [25]. However, due to the tremen-
dous amount of noise existed in the gathered vibration
signals, the RMS-MAVE values exhibit large local fluctua-
tions that will severely affect prediction accuracy. Therefore,
the main idea of this step is to smooth the RMS-MAVE values
so that they can clearly reflect the failure progression of
bearings.

Noticed that the faults of bearings like wear are a cumu-
lative process without self-recovery, this paper adopts the
cumulative sum technique (CST) to smooth the health indica-
tor. Consequently, the smoothed value of the nth RMS-MAVE
value is calculated by the following equation:

HIn =

n∑
j=1

x(j)RMS−MAVE

n · x̄RMS−MAVE
, n = 1, 2, · · · ,N (5)

where HIn denotes the nth smoothed RMS-MAVE value,
x(j)RMS−MAVE is the jth RMS-MAVE value of vibration signals,
and x̄RMS−MAVE is the RMS-MAVE of vibration signals in
the normal operation, which is taken as the mean value of the
RMS-MAVE values when the bearing is in normal operation
stage.

Furthermore, to assess the effectiveness of the CST
method, two simple measures called monotonicity and cor-
relation [32] are adopted to compare the monotonic trends of
the RMS-MAVE and the smoothed RMS-MAVE. They are
defined as follows:
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(1) Monotonicity:

Mon=
1

k−1

∣∣∣∣∣
k−1∑
i=1

δ (y (ti+1)−y (ti))−
k∑
i=2

δ (y (ti)−y (ti−1))

∣∣∣∣∣
(6)

where k is the total number of observing times, y (ti) is the
observing value at the time ti, and δ (·) is the simple unit step
function. It can be seen from (6) that the monotonicity.
(2) Correlation:

Corr=

∣∣∣∣k ( k∑
i=1

y (ti) ti

)
−

(
k∑
i=1

y (ti)
)(

k∑
i=1

ti

)∣∣∣∣√√√√[k k∑
i=1

y (ti)2−
(

k∑
i=1

y (ti)
)2][

k
k∑
i=1

t2i −
(

k∑
i=1

ti

)2]
(7)

It can be seen from (7) that correlation measures the linear-
ity between the observing value and the time, and the value
of correlation is taken from 0 to 1, while the higher value of
correlation corresponds to the stronger correlation.

2) RUL PREDICTION OF BEARINGS
Once the FPT is determined, the RUL of bearings can be
predicted based on the HI values in the degradation stage.
In this paper, the exponential regression model is applied
to depict the degradation performance of bearing, since it
has been widely used in the degradation processes where
the cumulative damage has a particular effect on the rate of
degradation [33], such as corrosion, bearing degradation, etc.
The exponential regression model is constructed based on a
window of the smoothed RMS-MAVE values with size l, and
it is given as follows:

y (t) = a exp (bt) (8)

where the unknown parameters amplitude a and slope b are
estimated using the ordinary least squares (OLS)method, that
is to solve the minimization problem in (9):

argmin
a,b

{
l∑
i=1

(y (ti)− a exp (bti))2|a, b > 0

}
(9)

and the window size l is suggested to be varied from 40 to
60 [21]. Therefore, in this paper, the RUL prediction results
are set to the average of all estimated values of RUL obtained
by varying the window size l from 40 to 60.
In summary, the future values of RMS-MAVE can be

predicted using the exponential regression model obtained
from the most recent l smoothed RMS-MAVE values, and the
RUL prediction process can be updated once a new value of
RMS-MAVE is acquired. In detail, suppose the most recent
l smoothed RMS-MAVE values are {HI1,HI2, · · · ,HIl},
Then, the RUL prediction process is shown as follows:
Step 1: Calculate the amplitudes and slopes respectively

based on the l smoothed RMS-MAVE values
via (9).

Step 2: Predict the next value HIl+1 in the next time
point, and transform it into the RMS-MAVE value
via (5).

Step 3: Compare the predicted RMS-MAVE value with
the failure threshold. If the failure threshold is
reached, the RUL of a bearing is calculated as
follows:

RULq = q ·1T (10)

where q is the number of new predicted RMS-MAVE values
before the failure threshold is reached, and 1T is the time
between two consecutive samples of RMS-MAVE values.
Otherwise, the new obtained value HIl+1 is appended to the
dataset consisted of the most recent l smoothed RMS-MAVE
values, while the oldest smoothed RMS-MAVE value is dis-
carded, i.e., the dataset is updated to {HI2,HI3, · · · ,HIl+1},
and return to Step 1.

Through the above steps, the RUL of bearings can be esti-
mated using the most recent l smoothed RMS-MAVE values,
and once a newRMS-MAVE value is acquired, the window of
the smoothed RMS-MAVE values is updated, and the process
is repeated until the failure threshold is reached.

III. SIMULATION
In this section, a simulation of the degradation process of
rolling bearings is utilized to evaluate the effectiveness of
the RMS-MAVE in FPT selection, and the accuracy of the
dynamic exponential regression model in RUL prediction.
Furthermore, to make a comparison, three other approaches
recently proposed by Li et al. [10], Wang and Tsui [11] and
Ahmad et al. [21] are also used to select the FPT and predict
the RUL of the simulation signals. The first two approaches
are used to indicate the effectiveness of the dynamic regres-
sion approach since they are both carried out based on the
exponential model. And the last method is used to show the
suitability of the exponential model, as it used the dynamic
quadratic regression model to depict the degradation process
of bearings.

A. SIMULATION OF THE BEARING DEGRADATION
PROCESS
The vibration signals in this section are simulated by the
method shown in [10] and [34], and the parameters of the
bearings in the simulation are listed in TABLE 1, which are
referred from [10].

According to the parameters in TABLE 1, the fault charac-
teristic frequency can be calculated by (11), and we have its
value is 169 Hz:

Fouter =
Z · N
120

(
1−

(D1 − D2) cosα
D1 + D2

)
(11)

To indicate the suitability of the simulation method, a sam-
ple of simulation signals in the normal operation stage and
a sample of simulation signals in the degradation stage are
shown in Fig. 2 (a) and (b) respectively. It can be seen from
Fig. 2 (b) that the mean length of the time interval between
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TABLE 1. Parameters of the bearing in the simulation.

FIGURE 2. The simulation of the bearing: (a) signals in the normal
operation stage, (b) signals in the failure stage and (c) signals of the
whole lifetime.

two obvious impacts is τ = 0.0059 s, which is correspond-
ing to the fault characteristic frequency calculated by (11).
Finally, a set of bearing signals with increasing fault severity
are simulated to describe the degradation process of bearings.
The simulation results are shown in Fig. 2 (c), where the
real FPT is 500s and the lifetime is 4000s, and the bearing
useful-life ends at the time when the amplitude of vibration
signals exceeds 20g.

B. RUL PREDICTION BASED ON THE SIMULATION
1) FPT SELECTION BASED ON THE RMS-MAVE VALUES
Before the RUL prediction of bearings, the new developed
RMS-MAVE is used to determine the FPT of the simulation
vibration signals firstly. The process is described in Section II,
and the result is shown in Fig. 3(a). It can be seen that the
RMS-MAVE values after t = 510s are significantly higher
than the RMS-MAVE values before t = 510s, and the FPT is
set to 510s since it is the first time that has 5 consecutive data
points falling outside the 3σ limits. To make a comparison,
three other FPT selection approaches respectively proposed
by Li et al. [10], Ahmad et al. [21] and Wang and Tsui [11]
are also used to determine the FPT of the simulation signals.
The FPT selection results are shown in Fig. 3(b), Fig. 3(c)
and Fig. 3(d) respectively, and the FPT values are given in
TABLE 2.

It can be seen from Fig. 3 that the FPT determined by
the proposed approach and Wang’s approach are much closer
to the real change point than the approaches proposed by

FIGURE 3. FPT selection results in the simulation signals: (a) The
proposed approach, (b) Wang’s approach, (c) Li’s approach and
(d) Ahmad’s approach.

TABLE 2. Selected FPT of simulation signals.

TABLE 3. Comparisons of monotonic trends of the RMS-MAVE of the
simulated signal before and after applying the CST method.

Li et al. [10] and Ahmad et al. [21]. Therefore, the developed
RMS-MAVE is indicated to be more sensitive to the incipient
fault of bearings.

2) RUL PREDICTION BASED ON DER MODEL
After the FPT has been determined, the proposed dynamic
exponential regression model is used to predict the bear-
ing RUL. The values of RMS-MAVE after tf = 510s
are firstly smoothed using the CST method described in
Subsection II-B, and the smoothed RMS-MAVE values are
input into the DER model for RUL prediction. The mono-
tonicity and correlation introduced in Subsection II-B are
used to compare the monotonic trends of the RMS-MAVE
before and after applying the CST method, and the results
are shown in TABLE 3. It can be seen that the monotonic
trend of the RMS-MAVE has been significantly improved
after applying the CST method.

Furthermore, to identify the effectiveness of the proposed
DER model in RUL prediction of bearings, the RUL predic-
tion results of the proposed model are compared with those of
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FIGURE 4. RUL prediction results based on the simulated signals.

TABLE 4. Score of CRA in the simulation.

the models proposed by Li et al. [10], Ahmad et al. [21] and
Wang et al. [11], and the results are shown in Fig. 4. In Fig. 4,
it can be seen that the RUL prediction results of all the four
models have large errors at the beginning of the prediction
process since there is no enough information to accurately
estimate the model parameters. However, as time goes on,
all of them converge to the actual RUL. In addition, it can
be observed that the RUL prediction result of the proposed
model has the fastest convergence and the highest accuracy.

To quantitatively compare the performance of those four
models, a commonly used metric called Cumulative Relative
Accuracy (CRA) proposed in [35] is used. CRA is a nor-
malized weighted sum of the relative accuracies, which is
useful in reflecting how well an algorithm does over time.
The range of CRA is [0, 1], where the higher score of CRA
corresponds to the better prediction performance. As [10]
suggested, the CRA is calculated at the time indexes from the
half-lifetime to the end of lifetime, and the scores are shown
in TABLE 4. It can be seen that the CRA score of the proposed
approach is the highest among the four models. Therefore,
the proposed model is indicated to get the highest prediction
accuracy.

IV. EXPERIMENTAL DEMONSTRATIONS
In this section, two real datasets of vibration signals acquired
from degradation tests of rolling bearings are used to fur-
ther verify the effectiveness of the proposed FPT selection
approach and the RUL prediction model.

A. DATASET 1
1) INTRODUCTION TO THE TESTS AND VIBRATION DATA
The first bearing degradation dataset is provided by the
PRONSTIA platform [36]. This system is designed to

FIGURE 5. Vibration signals of four bearings: (a) bearing 1, (b) bearing 2,
(c) bearing 3 and (d) bearing 4.

provide real experimental data to characterize the degradation
performance of rolling bearings along their whole operation
lifetime. To conduct bearings’ degradation in only a few
hours, three operational conditions (i.e., 1800rpm and 4000N,
1650rpm and 4200N, 1500rpm and 5000N) are applied to
the bearings to accelerate the degradation processes, where
the force is generated by a cylinder pressure. During the
test, both horizontal and vertical vibration accelerations of
bearing housings were recorded, and the sampling frequency
is 25.6 kHz, i.e., 2560 data points are recorded for each
bearing in every 10 seconds. The experiments were stopped
once the amplitude of the vibration signal overpassed 20g.

Since each bearing is in a healthy state without any initially
initiated defects at the beginning of the test, each degraded
bearing may contain almost all types of defects. As a result,
the vibration signals of bearings under the same operational
condition may be different. For example, the degradation
performance of four bearings under the first operational con-
ditions (i.e., 1800rpm and 4000N) are shown in Fig. 5. It can
be seen that the vibration signals of the four bearings are
varied between each other, therefore, different defects have
occurred on those bearings.

In this paper, the vibration signals of bearing 1, bearing 2,
bearing 3 and bearing 4 shown in Fig. 5 are used to carry out
the proposed PFT selection approach and the RUL prediction
model.

2) RUL PREDICTION OF THE FOUR BEARINGS
As described in Section II, the RMS-MAVE values are first
extracted from the vibration signals, and then based on the
3σ approach, the FPT can be determined. The FPT selection
results are shown in Fig. 6. To make a comparison, the FPTs
determined by Li’s approach and Ahmad’s approach are also
shown in Fig. 6, as those approaches have been validated
using the same dataset in this study. All FPT values are given
in TABLE 5. It can be seen from Fig. 6 that the proposed
approach can better distinguish the two stages of bearings
than others.

Once the FPT is determined, the RUL prediction is per-
formed based on the proposed dynamic exponential regres-
sion model. As described in Subsection II-B, the extracted
RMS-MAVE values are firstly smoothed by the CSTmethod.
Then, the most recent l = 40 ∼ 60 smoothed RMS-MAVE
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FIGURE 6. The FPT selection results: (a) bearing 1, (b) bearing 2,
(c) bearing 3 and (d) bearing 4.

TABLE 5. The FPT selection results of four bearings.

TABLE 6. Comparison of monotonic trends of the RMS-MAVES of four
bearing signals before and after applying the CST method.

values are used to estimate and update the parameters of the
model. The comparison results on monotonicity and corre-
lation of the RMS-MAVE values before and after applying
the CST method are shown in TABLE 6, from which it can
be seen that the monotonic trends of the RMS-MAVE values
of the four bearings have been significantly improved after
applying the CST method.

To evaluate the performance of the proposed DERmodel in
RUL prediction, the α − λ metric [35] is adopted, where the
parameter α is used to determine the acceptable RUL error
bounds, and the parameter λ is used to determine a specific
time point tλ between the FPT tf and the lifetime tl of bearings
such that tλ = tf + λ

(
tl − tf

)
. The value of α is set to 20%

as [37] suggested, and the value of λ is taken from 0.5 to
0.95. The results are shown in Fig. 7, and it can be seen that
most of the predicted RUL values lie within the acceptable
RUL error bounds for the four bearings. Furthermore, as the
bearing approaches its lifetime, the prediction performance
becomes better, since more and more information about the
bearing degradation performance is used.

In addition, to compare the prediction performance of the
proposed RUL prediction method with the methods devel-
oped by Li et al. [10] and Ahmad et al. [21], the CRA scores

FIGURE 7. α − λ metric results: (a) bearing 1, (b) bearing 2, (c) bearing
3 and (d) bearing 4.

TABLE 7. Score of CRA for the four tested bearings.

of the above three methods are calculated, and the results are
summarized in TABLE 7. It can be seen that the proposed
method has the highest average CRA score, which implies
that the dynamic exponential regression model performs best
in the RUL prediction of the bearings.

B. DATASET 2
1) INTRODUCTION TO THE TESTS AND VIBRATION DATA
The second bearing degradation dataset is designed by
Gebraeel et al. [38], [39] with the aim to build a statistical
model to describe the degradation performance of bearings.
The HI in this test is defined as the sum of seven harmon-
ics of the bearing fault characteristic frequency, and a total
of 25 bearings are used to obtain the degradation signals, and
the failure threshold is set to 0.03. More details about the
experiment can be found in [38] and [39]. In this paper, 5 bear-
ing degradation signals are used to carry out the dynamic
exponential regression model, and the results are compared
to the model proposed by Wang and Tsui [11] since the same
dataset is used. The 5 degradation signals are shown in Fig. 8,
which are read from Fig. 7(b) of Wang and Tsui [11]. It can
be seen that each of the 5 bearing degradation signals has
two distinct stages, i.e., the normal operation stage and the
degradation stage. Therefore, the bearing degradation signals
in the degradation stage are used to show the effectiveness of
the proposed DER model.

2) RUL PREDICTION
Since the bearing degradation signals in this test have obvi-
ous FPT, the rest of this section only focuses on the DER
modeling based on the HI values in the degradation stage
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FIGURE 8. Five bearing degradation signals.

FIGURE 9. Absolute RUL prediction error results.

and the corresponding RUL prediction. First, the CSTmethod
is applied to HI values to smooth the degradation signals.
Then, the most recent l = 40 ∼ 60 smoothed HI values
are used to estimate the parameters of the model. To make
a comparison with the RUL prediction results carried out
by Wang and Tsui [11], the absolute error (AE) of RUL
prediction is used to measure the prediction performance.
Consequently, the mean of the AE values for 5 bearings at
different prediction time is obtained and plotted in Fig. 9.
From the RUL prediction results shown in Fig. 9, it can be
found that the proposed model achieves the lower RUL pre-
diction errors, which demonstrates that the proposed dynamic
exponential regression model is more accurate in bearing
RUL prediction.

V. CONCLUSION
In this paper, an RUL prediction method of bearings based
on RMS-MAVE and DER model is proposed. There are two
major contributions contained in this work. First, an adap-
tively FPT selection approach based on the new developed
RMS-MAVE and 3σ approach is established, through which
the health state of bearings can be better distinguished. Sec-
ond, a DER model is proposed for the RUL prediction of
bearings without historical data, and the parameters of model
are updated in real-time to ensure the RUL prediction accu-
racy. A simulation and two real datasets of bearing vibration
signals are carried out for the comparison studies with the
methods proposed by Ahmad et al. (2017), Li et al. (2015)
and Wang et al. (2017). Results demonstrate that the RMS-
MAVE is superior to the existed ones in the FPT selection,
and theDERmodel based onRMS-MAVEobtains the highest
RUL prediction accuracy among those models.

This paper provides an RUL prediction method for bear-
ings without the historical data, and there are two main
limitations existing in the proposed method. Firstly, the FPT

selection approach is developed based on the assumption of
two-stage degradation process, and it needs to be improved
when facing the multi-stage degradation process. Secondly,
the proposed RUL prediction method mainly focuses on the
degradation process in which the degradation rate increases
with time, and it may not be suitable for the degradation
process with a constant degradation rate or that in which the
degradation rate decreases with time.

For future works, as it has been demonstrated that the envi-
ronmental or operational condition has significant impacts on
the degradation performance of bearings [40], RUL predic-
tion for bearings under time-varying operational conditions
will be considered in our future research. In addition, since
different operational conditions will lead to different failure
thresholds, how to adaptively set the failure threshold based
on the operational conditions should be considered. Finally,
after obtaining the relationship between the degradation per-
formance and operational conditions, the usage strategy opti-
mization for the maximization of lifetime will also be carried
out in further work.
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