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Abstract: Rolling bearings are one of the key components of rotating machinery. Accurate prediction of the
remaining useful life (RUL) of bearings can reduce maintenance costs, increase the reliability of the mechanical
system, and prevent catastrophic accidents. Accurate and reliable estimation of bearing RUL requires a suitable
health indicator (HI). Therefore, a novel HI called the total harmonic distortion (THD) is constructed using
advanced frequency domain analysis to accurately reflect the bearing’s health status. The results confirm that the
THD health indicator has excellent monotonicity, robustness, and trendability. In this work, aWiener process with
different drifts is used to predict the RUL. Furthermore, the parameters of the Wiener model are estimated online
using Bayesian theory. The model is then validated using an accelerated experimental test bench. The results
demonstrate that the Wiener process combined with the power law model achieves higher accuracy and stability
than other Wiener models.

Keywords: first prediction time; remaining useful life; rolling bearing; total harmonic distortion; Wiener process

I. INTRODUCTION
The era of Industry 4.0 has revolutionized manufacturing
[1,2]. In the new industrial era, the complexity of advanced
rotating equipment such as aircraft engines and wind
turbines has increased user demands for safety and reliable
operation of the equipment [3]. As one of the most impor-
tant components of rotating machinery, the performance of
bearings directly affects the health of the entire equipment
[4]. In order to ensure that mechanical equipment can
successfully perform various tasks with low accident rates
and maintenance costs, researchers in developed countries
began to investigate maintenance and troubleshooting tech-
nologies from the 1960s. At the end of the 20th century,
prognostics and health management (PHM) technologies
emerged [5]. Maintenance decision-making strategies for
machinery have evolved from initially using passive reac-
tive maintenance to proactive predictive maintenance,
which has garnered significant attention. In reactive main-
tenance, equipment or components are replaced after com-
plete failure [6]. While this strategy can maximize
equipment lifespan and is easy to implement, it still carries
the risk of sudden, unplanned failures that can damage
equipment, disrupt production, and even cause personal
injury.

Predictive maintenance represents an advancement in
the field that proactively predicts the future health status of
machinery based on current and historical condition moni-
toring (CM) data [7]. Using prognostic information such as
remaining useful life (RUL) and probability of failure,
engineers can schedule cost-effective maintenance pro-
grams before failure occurs [8]. Consequently, predictive
maintenance provides longer lead times for maintenance
and replacement strategies [9]. One of the critical tasks of

predictive maintenance is RUL prediction [10,11]. Notably,
for industrial applications, developing a methodology for
RUL prediction is of essential necessity for reliable sched-
ule and decision-making.

In existing studies, researchers have divided RUL
prediction methods into four categories based on their
underlying techniques: physical model-based approaches
[12–14], artificial intelligence approaches [15–17], statisti-
cal model-based approaches [18–20], and hybrid ap-
proaches [21–23]. Physical model-based approaches
describe the degradation processes of machinery using
mathematical models based on failure mechanisms or first
principles of damage [14]. These models use physical
parameters such as stress level, damage extent, and material
properties [24]. For example, Oppenheimer et al. [25] used
the Forman crack growth law [26] to predict the RUL of
cracked router shafts. Also, Sankavaram et al. [27] devel-
oped a hybrid detection and prediction framework and used
it to predict electronic systems. The main feature of physical
model-based approaches is high interpretability. However,
it is very difficult to create accurate physical models for
complex mechanical systems and requires simplifying as-
sumptions. Therefore, research on physical models and
hybrid models is relatively limited.

Artificial intelligence approaches attempt to learn fail-
ure patterns of machinery from existing observations rather
than building physical models using artificial intelligence
techniques. These models are able to make predictions in
complex mechanical systems whose failure processes are
difficult to model with physical models. With the advance-
ment of the Industrial Internet of Things and big data
technology, artificial intelligence methods have gradually
becomemainstream and have been widely reported [28,29].
For example, Zemouri et al. [30,31] proposed a recurrent
radial basis function network and used it to predict machine
RUL. Also, Kudelina and Raja [32] proposed a Neuro-
Fuzzy framework for fault prediction, specifically focusing
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on bearing faults. However, most artificial intelligence
approaches are highly dependent on the robustness and
trendability of the HI. On the other hand, these approaches
require a lot of data and are often not generalizable to a new
system.

Statistical model-based forecasting approaches, also
called empirical model-based approaches, estimate the
RUL of machines by creating statistical models based on
empirical knowledge and usually present the RUL forecast
result as a conditional probability density function (PDF)
dependent on the observations [33]. In these approaches,
RUL prediction models are created without relying on
principles or physics, by fitting existing observations to
random coefficient models or stochastic process models
under a probabilistic approach [34]. The use of stochastic
process models, especially theWiener process, provides the
ability to quantify the uncertainty of RUL prediction results
with good interpretability and computational capability
[18]. Wiener process models are usually presented with a
drift term plus a diffusion term that follows Brownian
motion. For example, Doksum et al. [35] used a Wiener
model to predict RUL for accelerated degradation experi-
ments with variable stress. Also, some researchers [36–38]
developed a linear Wiener process model to predict RUL of
machinery. The results showed that although the linear
model is acceptable in many experiments, in some cases
the linear Wiener process is unable to predict the degrada-
tion process with high accuracy. Therefore, Wang et al. [39]
proposed a degradation model with different drift functions
to predict the RUL of bearings, but the change point
identification method is affected by outliers. Also, Lin
et al. [40] developed a two-stage linear-nonlinear degrada-
tion model with measurement errors to predict bearing
RUL. It can be concluded from the analysis of the
above studies that modeling bearing degradation using
the nonlinear Wiener process improves the prediction
accuracy.

Modeling and constructing the HI has a significant
impact on the predictive ability of the Wiener RUL. Better
monotonicity, robustness, and trendability enhance the
effective prediction of the RUL. HIs can be classified
into two categories based on the construction strategy:
physical health indicator (PHI) and virtual health indicator
(VHI) [41]. PHIs are extracted using statistical methods or
signal processing. For example, root mean square (RMS) is
considered an effective tool to indicate the bearing degra-
dation process and is often used to incorporate the Wiener
model [40,42,43]. Other HIs have also been used to provide
better robustness and trendability. For example, Chang
et al. [44] used the entropy as a HI to predict the RUL
of bearings. VHIs are constructed by combining multiple
PHI or multi-sensor signals. Therefore, they lose physical
meaning and only provide a virtual description of the failure
process.

From the above studies, it can be seen that the
performance of HIs has a great impact on the accuracy
of the forecasting model. In other words, choosing an
appropriate HI is a prerequisite for accurate forecasting.
Choudhury et al. [45] showed that frequency domain
methods provide more accurate results compared to
time domain methods. Therefore, in order to improve
the weaknesses of the above RUL prediction techniques,
a new HI in the frequency domain called THD is proposed
to reveal the bearing degradation process. The RUL
prediction method using the nonlinear Wiener process

is carried out in this research. First, the CM signal is
converted to the frequency domain to identify the main
harmonic related to the bearing motion. Then, the new HI,
THD, is obtained. Then, using a linear function of the
mean and variance of the THD curve, First Prediction
Time (FPT) is identified, and finally, the RUL prediction is
obtained with the help of the nonlinear Wiener process.
Compared with the existing advanced methods, the con-
tributions are listed as follows.

• A new HI with monotonicity, robustness, and trend-
ability is designed to reveal the degradation informa-
tion contained in the raw vibration signal.

• A nonlinear Wiener model is proposed to predict the
RUL of the bearing.

• The parameters of the nonlinear Wiener model
are estimated online using the Bayesian theory
method.

II. SIGNAL PREPROCESSING
The random signal associated with each bearing is denoted
by xðn,tÞ where n indicates the bearing under consideration.
For instance, the time-domain random signal of a specific
bearing N0 is represented as xðN0,tÞ. At a given observation
time T0, the corresponding random variable xðn,T0Þ for each
bearing is assumed to be ergodic during the health phase
[46]. Accordingly, for any bearing N0 and any observation
moment T0 within the health phase, Eq. (1) holds:

�xðN0,tÞ = lim
t→∞

1
T

ð
hTi

xðN0,tÞdt

= lim
N→∞

1
N

X
hNi

xðn,T0Þ

= E½xðn,T0Þ� (1)

The limits N,t → ∞ to infinity need not be interpreted
in a strict mathematical sense,; rather, indicating are suffi-
ciently large for the Law of Large Numbers (LLN) to apply.

In practice, the real signal xðn,tÞ of a bearing is not
directly accessible, and instead, sensors and measuring
instruments provide only the observed (measured) sig-
nal ~xðn,tÞ.

In this signal, in addition to noise and distortion that are
superimposed on the original signal, the measurement error
also changes the original signal. Therefore, the signal
received by the measuring instruments is expressed as
Eq. (2).

~xðn,tÞ = xðn,tÞ þ ε (2)

Therefore, the combined effects of noise, distortion,
and measurement errors are captured by the error parameter
ε in Eq. (2). This term is modeled as an independent,
normally distributed random process with mean zero and
variance σε (i.e., ε∼Nð0,σ2εÞ).

To enable real-time prediction of the RUL at any given
moment, the sensor signal used for CM must be sampled at
appropriate time instants. Accordingly, the output signal is
available only at a discrete set of times, CM0:k =
ft0,t1,t2, : : : ,tkg. The signal sampled at time ti, where the
index i representing the i-th sampling interval, is expressed
as Eq. (3).

~xiðn,tÞ = exðn,tÞjti < t < ti þ τ (3)

A Bayesian Prognosis Framework for Rolling Bearings 75

JDMD Vol. 5, No. 1, 2026



where τi denotes the sampling interval at time ti. In this
study, RUL prediction is performed based on frequency
domain analysis. To this end, the Fast Fourier Transform
(FFT) is applied to the CM signal to obtain its representa-
tion in the frequency domain according to Eq. (4):

~xiðn,tÞ⟷FFT eXiðn,f Þ (4)

A. NOISE CANCELLING

One of the advantages of frequency domain analysis is its
ability to substantially suppress noise while preserving the
main harmonics of the signal. By examining the spectrum
of different samples (for example, see Fig. 1), it can be
observed that the noise is approximately white noise,
whereas the harmonic components become clearly distin-
guishable within relatively clean spectral regions.

To remove this noise from the spectrum, a filter with
memory can be used according to Eq. (5).

F: Xiðn,f Þ =
�

0; eXiðn,f Þ ≤ μþ κσeXi; eXiðn,f Þ ≥ μþ κσ
(5)

where μ and σ are the mean and variance of the signal,
respectively. κ is an adjustable parameter in the analysis and
a coefficient and criterion for this process.

B. INTRODUCING THD INDICATOR

For a periodic signal contaminated with distortion, the THD
parameter is defined as Eq. (6).

THD =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
a22 þ a23þ · · ·

q
=

ffiffiffiffiffiffiffiffiffiffiffiffiX
k≠1

a2k

s
(6)

where ak is the coefficient of the k–th term in the Fourier
expansion of the signal and the missing term a1 denotes the
amplitude of the fundamental harmonic component. In the
CM signal, there is a periodicity signal due to the rotational
motion of the bearings. The harmonic proportional to the
rotational motion of the bearings is called the fundamental
harmonic. The fundamental harmonic is usually the stron-
gest harmonic in the bearing health phase. In the THD, the
fundamental harmonic is removed from the signal because
it is present in all bearing CM signals from the beginning of
sampling to the end of life. This definition is a step forward
and more precise than the RMS-based analysis, which
considers all harmonics in same scale.

C. TRAINING PHASE

For the first n samples, the first maxima observed in all
samples are identified and used to model the fundamental
bearing motion signal. The first n samples are actually the
learning phase of the analysis to detect fundamental bearing
behavior. In Eq. (7), the bearing fundamental signal is
reconstructed:

xFundamentalðn,tÞ = a1 expðjω1tÞ (7)

where a1 is the amplitude andω1 is the angular frequency of
the fundamental harmonic. For example, the original signal
of a bearing in the early stages of operation can be seen in
Fig. 2. The original signal of the bearing has a lower overall
frequency spectrum compared to the measurement signal.
This is due to distortion in the measurement signal.

With the fundamental signal xFundamental, the training
phase is practically complete. Then, to analyze the signal
degradation, the fundamental harmonic is removed from the
raw signal. Therefore, the degradation signal is defined as
Eq. (8).

xFaulti ðn,tÞ = xiðn,tÞ − xFundamentalðn,tÞ (8)

where xFaulti ðn,tÞ denotes the degradation signal for the i-th
sample, xiðn,tÞ represents the raw signal, and
xFundamentalðn,tÞ is the fundamental signal. Subsequently,
the degradation signal xFaulti ðn,tÞ is then passed through the
filter F (detailed in Section II.A) to proceed with the
analysis.

D. HI CONSTRUCTION

Now, using the degradation signal, a health indicator can be
constructed. The THD indicator at time ti is defined as the
RMS value of the degradation signal until that time. With
this definition, the proposed HI can be expressed as Eq. (9):

THDi = RMSðxFaulti ðn,tÞÞ (9)

According to Parseval’s theorem, the classical THD
definition given in Eq. (6) and the RMS value of the residual
signal defined in Eq. (9) are theoretically equivalent in
terms of signal energy. In this study, the RMS of the
residual signal after fundamental component removal,
(xFaulti ðn,tÞ), is adopted as the HI and used consistently
throughout the analysis. Using Eq. (9), the HI curve can
then be plotted over time, where the residual signal is
obtained via FFT-based fundamental removal.

In order to obtain a smoother representation, a moving
window average overN samples, taken at intervals of L, is
applied. Consequently, the resulting curve is plotted versus

Fig. 1. Original signal frequency spectrum containing white
noise. Fig. 2. Signal acceleration response of a bearing sample.
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the sampling number tL onwards. The THD curve serves as
the primary basis for the RUL prediction analysis in this
study. As bearing degradation progresses, the energy of
non-fundamental components increases due to surface de-
fects, leading to a monotonic increase in the residual-based
HI. To assess the suitability of the constructed HI for RUL
prediction, three criteria—Monotonicity [47], Trendability
[48], and Robustness [49]—are defined using linear weight-
ing. In this work, the aggregated HM criterion proposed in
[49] is adopted.

MonðXÞ = 1
K − 1

����No: of d

dx
> 0 − No: of

d

dx
< 0

���� (10)

TreðX,TÞ

=
KðPK

k=1 xktkÞ− ðPK
k=1 xkÞð

P
K
k=1 tkÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi�

K
P

K
k=1 x

2
k − ðPK

k=1 xkÞ2
��

K
P

K
k=1 t

2
k − ðPK

k=1 tkÞ2
�s

(11)

RobðXÞ = 1
K

XK
k=1

exp

�
−
���� xk − xTk

xk

����� (12)

HMðXÞ = α1 MonðXÞ þ α2TreðXÞ þ α3RobðXÞ

αi > 0,
X3
i=1

αi = 1 (13)

III. FPT IDENTIFICATION
To determine the FPT, an initial fault threshold (IFT) is
defined such that the first crossing of the THD curve above
this threshold indicates the initial onset of failure. IFT is a
function of the mean and variance of the THD curve, and is
expressed as a linear function:

IFT = aμTHD þ bσ2THD (14)

where μTHD and σ2THD are the mean and variance of the THD
curve, respectively. The coefficients a and b are empirically
determined based on observations from various experi-
ments. Typically, the value of parameter a is close to 1,
while parameter b lies within the interval [1, 4]. When the
parameter a is set exactly to 1 and the parameter b is set to 3,
Eq. (14) reduces to the well-known 3σ criterion method
[50]. As reported in reference [51], although the 3σ criterion
method yields accurate results in many experiment scenar-
ios, it may produce false alarms during the early healthy
stage when significant random noise is present. Accord-
ingly, the values of parameters a and b are empirically tuned
for different test benches. Based on these selected parame-
ters, FPT is estimated using Eq. (15).

tFPT = minftijTHDðtiÞ = IFTg (15)

where IFT is the initial fault threshold and tFPT is the
prediction start time. In other words, the IFT line is an
initial alarm indicating that the component has entered a
failure stage.

IV. UFT CONCEPT
An appropriate definition of the IFT for detecting the onset
of the degradation phase is discussed in Section III. How-
ever, an additional quantitative criterion for bearing failure
is required to determine complete bearing failure, i.e., a
threshold for the bearing life. This threshold may be derived
from physical quantities such as vibration amplitude or
acoustic emissions of a component or alternatively esti-
mated through statistical analysis across multiple bearings.
In practice, many studies do not emphasize a strict physical
definition of this parameter; instead, it is often treated as a
degree of freedom in the proposed model, allowing users to
assign a suitable value based on the specific application. In
this work, the THD value at the end of the bearing life—
corresponding to the termination of accelerated laboratory
tests due to failure—is defined as the ultimate failure
threshold (UFT). Accordingly, the bearing failure time is
determined using Eq. (16).

tFT = minftijTHDðtiÞ = UFT jUFT > IFTg (16)

where tFT is the failure time. It is clear that the condition
UFT > IFT must be observed to build the model, and if this
condition is not met at the outset, it indicates that the
bearing has experimented premature failure. Given the
definition of failure time, the bearing life is subsequently
defined:

RUL = tFT − tFPT (17)

where RUL is the remaining useful life, tFT is the failure
time, and tFPT is the FPT. Symbolically, the concepts of
Sections III and IV are shown in Fig. 3.

In general, the bearing life cycle is divided into health
and degradation phases. These two phases are separated by
the FPT, which is explained in detail in Section III. In the
following, the RUL prediction starts at the FPT and stops at
the UFT.

V. DEGRADATION MODELING AND
RUL PREDICTION

The proposed method selects the THD as the new HI and
models the predicted bearing degradation process through a
nonlinear Wiener process, as shown in Eq. (18).

FTðtÞ = FTð0Þ þ μtb þWðt,σÞ (18)

where FTðtÞ denotes the status of the bearing at moment t. It
should be noted that RUL estimation starts after the FPT is

Fig. 3. Overall bearing life cycle trend.
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identified. Therefore, FTð0Þ, which represents the degrada-
tion status of the bearing at the FPT, is the same as IFT as
explained in detail in Section III, μtb denotes the drift term,
and Wðt,σÞ is the Wiener process. In other words, the
random variable behavior is modeled by a Brownianmotion
(BM) according to Eq. (19).

Wðt,σÞ = σBðtÞ (19)

where BðtÞ is the BM and σ is the diffusion coefficient.
Equivalently, Eq. (19) can be expressed in the form of
Eq. (20).

BðtÞ = FTðtÞ − IFT − μtb

σ
(20)

For example, by considering the diffusion coefficient
σ = 0.01 in Eq. (20), the degradation path for bearing 3–3
can be estimated. Fig. 4 shows 8 degradation paths.

Next, Lemma [52] is used to obtain PDF of the RUL.

Lemma: If the degradation function of a system is defined
as Eq. (21):

XðtÞ = Xð0Þ þ
ð
t

0
μðvÞdvþ σBBðtÞ (21)

where BðtÞ is the standard Brownian motion and σB is its
diffusion coefficient and ∫ t

0μðvÞdv modeling the drift term
governing this motion, the PDF for the first crossing with a
given value w is approximated by Eq. (22).

f TðtÞ ≈
1ffiffiffiffiffiffiffi
2πt

p
�
SBðtÞ
t

þ 1
σB

ðvÞ
�
exp

�
−
S2BðtÞ
2t

�
;

SBðtÞ =
1
σB

�
w −

ð
t

0
μðvÞdv

�
(22)

If the degradation function is expressed as Eq. (23).

FTðtÞ = IFT þ PðtÞ þ σBðtÞ (23)

Based on Lemma, it is easy to obtain the PDF of the
RUL for the degradation function, FTðtÞ, until reaching the
UFT value as follows:

Theorem 1: For the degradation process given by Eq. (23),
given the actual degradation data at time 0:t, then the PDF
corresponding to RUL can be formulated as Eq. (24):

RULðtjtÞ ≈ ϕþ tP 0ðtþ tÞffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2πt3σ2

p exp

�
−

ϕ2

2σ2t

�
(24)

where in Eq. (24), t is the time remaining until complete
failure and t is the present time. In addition:

ϕðt,t,FFT ,FTÞ ≜ ΔFTðtÞ − ΔPðt,tÞ (25)

In Eq. (25), ΔFTðtÞ is the amount of degradation remaining
until the UFT at time t;

ΔFTðtÞ ≜ UFT − FTðtÞ (26)

And also ΔPðt,tÞ is the growth rate of the tension function
in the remaining interval;

ΔPðt,tÞ ≜ Pðt + tÞ − PðtÞ (27)

Considering Theorem 1, the PDF for each linear or
nonlinear degradation modes can be rewritten.

Corollary: If the degradation function PðtÞ = μtb is non-
linear, then the function ϕ will result in Eq. (28):

ϕðt,t,UFT ,FTÞ = ΔFTðtÞ − μððt + tÞb − tbÞ (28)

And the PDF will be given by Eq. (29):

RULðtjtÞ = ΔFTðtÞ + μðt + tÞb−1½tðb − 1Þ − t� + μtbffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2πt3σ2

p

× exp

�
−
ðΔFTðtÞ − μððt + tÞb − tbÞÞ2

2σ2t

�
(29)

The drift coefficient μ indicates the individual differences
between similar bearings and obeys the normal distribution
μ∼Nðμ,ε2Þ, then Eq. (29) can be transformed into Eq. (30).

RULðtjtÞ = 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2πt2ðtσ2 + B2ε2Þ

p
×
�
ΔFTðtÞ − A

μtσ2 + Bε2ΔFTðtÞ
tσ2 + B2ε2

�
× exp

�
−
ðΔFTðtÞ − μBÞ2
2ðtσ2 + B2ε2Þ Þ

A = ðt + tÞb − tb − tðb − 1Þðt + tÞb−1,
B = ðt + tÞb − tb ð30Þ

VI. PARAMETERS ESTIMATION
The general degradation model (Eq. (18)) contains three
unknown parameters (μ, b and σ2). First, a function is fitted
to the degenerate model to obtain the values of μ and b. It is
important to note that, to improve the readability of the
formula, the time t= 0 hereafter denotes the FPT. Then,
the parameter σ2 is obtained by the maximum likelihood
estimation (MLE) [53] method. The details are as follows. In
order to obtain the value of parameter σ2, it is assumed that
parameters μ and b are fixed values. The sample X1:M =
fx1,x2, : : : ,xMgT represents the observed sample data of the
degradation phase, which follows a multivariate normal dis-
tribution. Therefore, the likelihood function expression of the
parameter σ2 is obtained by taking the logarithm of the PDF of
the multivariate normal distribution according to Eq. (31).

lnðσ2jX1:MÞ = −
M
2
lnð2πσ2Þ − 1

2

XM
i=1

lnðti − ti−1Þ

−
1

2σ2
XM
i=1

½xi − xi−1 − μðtbi − tbi−1Þðti − ti−1Þ�2
ti − ti−1

(31)

Fig. 4. Estimated degradation paths for bearing B1.
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Let find the maxima by setting ∂ lnðσ2jX1:MÞ
∂σ2 = 0, then the

estimate of parameter σ2 can be expressed as Eq. (32).

σ2 =
1
M

XM
i=1

½xi − xi−1 − μðtbi − tbi−1Þðti − ti−1Þ�2
ti − ti−1

(32)

Now, assume the drift μ to be random across units,
μ∼Nðμ,ε2Þ. Then the vector of observations X1:M follows a
multivariate normal distribution with:

E½X� = tbE½μ� + σE½BðtÞ� = μtb (33)

Let C = ½tb1,tb2, : : : ,tbM�T, then E½X� = μC. The covari-
ance is expressed as Eq. (34).

Covðxi,xjÞ = ε2tbi t
b
j + σ2minfti,tjg (34)

Let Q = ½minfti,tjg�1 ≤ i, j ≤ M then X∼NðμC,
ε2CCT + σ2QÞ. Using this distribution, one can obtain
the likelihood function involving the parameter ε2. The
estimate is obtained by taking the partial derivative of this
likelihood function, as shown in Eq. (35).

ε2 =
ðX1:M − μCÞTQ−1CCTQ−1ðX1:M − μCÞ − σ2CTQ−1C

ðCTQ−1CÞ2
(35)

Then, to fully utilize the previous degradation infor-
mation about the bearing, this step uses Bayesian theory
[54] to update the parameters ε2 and μ in real time, as shown
in Eq. (36) and (37).

μk =
μ0σ

2 þ ε20
P

k
i=1

ðxi−xi−1ÞðCi−Ci−1Þ
ti−ti−1

σ2 þ ε20
P

k
i=1

ðCi−Ci−1Þ2
ti−ti−1

(36)

ε2k =
ε20σ

2

σ2 þ ε20
P

k
i=1

ðCi−Ci−1Þ2
ti−ti−1

(37)

Lastly, the parameter σ2 is updated by the expectation
maximization (EM) [55] algorithm in real time. The calcu-
lations lead to Eq. (38).

σ2k =
1
M

XM
i=1

ðxi − xi−1Þ2 − 2μkðxi − xi−1ÞðCi − Ci−1Þ þ ðCi − Ci−1Þ2ðμk þ ε2kÞ
ti − ti−1

(38)

A. ONLINE ESTIMATION WORKFLOW

The degradation increments are modeled using a Gaussian
likelihood, and a Gaussian prior is assumed for the unit-to-
unit drift parameter.

1. Set the time origin at the FPT, i.e., t = 0, and collect the
observed sample data X1:M = fx1,x2, : : : ,xMgT of the
degradation phase.

2. Initialize the drift parameters μ and b by least squares
fitting of the deterministic power law trend. Then,
initialize the diffusion parameter σ2 using MLE (ac-
cording to Eq. (32)).

3. For each new sample k, update the posterior drift mean
and variance ðμk,ε2kÞ using Bayesian updating accord-
ing to Eq. (36), (37).

4. Update the diffusion parameter σ2k using the EM algo-
rithm (according to Eq. (38)).

5. Use the updated parameters ðb,μk,ε2k ,σ2kÞ in the nonlin-
ear Wiener process model to generate online RUL
predictions.

The sequential Bayesian updating and EM-based dif-
fusion estimation contributes to stable online parameter
tracking.

VII. RUL PREDICTION FRAMEWORK
The flowchart of the proposed RUL prediction method is
shown in Fig. 5. In general, this method consists of four
steps: (1) data acquisition, (2) preprocessing of the collected
signal, (3) construction of THD indicator and determination
of FPT, and (4) degradation modeling and RUL prediction.

VIII. CASE STUDIES
To prove the effectiveness of the proposed method, an
accelerated bearing life test bench is built for this research
and its results are analyzed. To predict the RUL, the THD

indicator is extracted from the accelerometer data of each
bearing using the proposed method. Then, the FPT is
obtained using the HI. After identifying the FPT, the
RUL prediction is performed using the proposed nonlinear
model degradation. In this test bench, a series of run-to-
failure tests are performed on a new bearing whose speci-
fications are shown in Table I.

The test bench shown in Fig. 6 comprises a single-
phase motor, a hydraulic system, two piezoelectric accel-
erometers, a data logging unit, a test bearing, etc. During
the experiments, acceleration signals were acquired using
two piezoelectric accelerometers mounted on the top and
the side of the bearing chamber at 90-degree angle to each
other. Data were collected continuously using a 24-chan-
nel Vibrorack1000 data logger. The sampling frequency
was set to 20 kHz, and data were collected every 10
minutes for a duration of 1.667 seconds per acquisition.
As a result, 12 signals were stored for each hour of
operation. Also, in order to prevent premature failure
of the support bearings, the C0 of the support bearings
was considered much higher than that of the test bearings.
According to the failure criterion [56], the tests are
stopped when the vibration signal exceeds an amplitude
of 20 g.

Therefore, with access to this test bench, it was possible
to test the proposed RULmethod in this study under various
loading conditions. The test bench settings as well as the life
span of the tested bearings are shown in Table II.

At the end of the tests, widespread defects had formed
in the outer raceway of all bearings. For example, the defect
that developed during test B1 can be seen in Fig. 7.

Further examinations of the bearings also showed that
in each test, the defect occurred at the level of the maximum
loading experienced by the bearing. The other components
(inner race, rolling ball : : : ) were still healthy at the end of
the test (as shown in Fig. 7(a),(b)), meaning that it can be
assumed that they were functioning properly during the test.
In the following, the parameters and settings used in the
proposed method are summarized in Table III.
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The empirical parameters a and b in the IFT/FPT rule
are selected using a representative experimental run from
the test bench. These parameters are tuned to avoid false
alarms during the healthy stage. Once calibrated, the same
values are applied to all other experiments conducted on the
same test bench. To evaluate the sensitivity of the IFT/FPT
rule to the empirical parameters a and b, a perturbation
study was conducted using bearing B1. The experiment
consists of 180 samples. Using the nominal parameter
values a = 1.26, b = 3, the detected FPT occurs at sample
140. When parameter b is varied by ±5% and ±10% while
keeping a fixed, the detected FPT remains unchanged at
sample 140. Furthermore, even for larger perturbations of b,
the impact on FPT remains limited: increasing b by a factor
of 10 results in an FPT of 141. In contrast, varying
parameter a, while fixing b at 3, leads to small but notice-
able shifts in the detected FPT. Specifically, increasing a by
5% and 10% results in FPT values of 142 and 144,
respectively, whereas decreasing a by 5% and 10% yields
FPT values of 137 and 133. Overall, the maximum devia-
tion in FPT under ± 10% parameter perturbation is limited
to 7 samples, indicating that the FPT detection is largely

insensitive to parameter b and exhibits limited sensitivity to
parameter a on the same test bench. Based on values in
Table III, the results presented in the following section are
obtained. To verify the effectiveness of THD as a new
bearing HI for predicting RUL, this study evaluates the
THD and RMS of vibration signals of different samples

 

Fig. 5. The overall architecture of the prognostic method.

Table I. Specification of the test bearing

Parameter Value

Model KG 6203 ZZ

Type Single-row deep groove ball bearing

Number of balls 8

Ball diameter 6.74 mm

Bearing pitch diameter 28.39 mm

Contact angle 0°

Fig. 6. Experimental setup of run-to-failure test: (a) Overall
schematic and (b) housing part.
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with the criteria mentioned in Section II.D. The evaluation
results are shown in Table IV.

As shown in Table IV, among all the evaluation indices
for the three test bench bearings, THD outperforms RMS in
terms of the combined criterion (HM), indicating that THD
is more suitable for use as an HI to predict the RUL of
bearings than RMS. The first step in predicting RUL is to
determine the FPT. Fig. 8 shows the FPT for various
bearings using the THD curve and Eq. (14), (15).

By observing the results of Fig. 8, it can be seen that the
life cycle of bearings is divided into two phases: (1) Health
phase and (2) Degradation phase. Usually, in the health
phase, the HI is constant and does not change noticeably.
However, in the early phase of the life cycle, asperity
removal and surface roughness are reduced due to wear

and plastic deformation, which is called the “running-in”
phenomenon [57]. This phenomenon causes a temporary
improvement in the HI (as in Fig. 8 (b)). In this study, since
the RUL prediction starts from the FPT time and is not made
in the health phase, this issue does not affect the prediction
results. Also, the HI in the degradation phase does not
always have a strictly rising trend and may decline in some
intervals. However, this decline is temporary and then the
degradation process usually intensifies. The reasons for the
decline in the HI, or in other words “false fluctuations,” are
actually due to unbalanced force and wear of the outer ring

Table II. Data details for test bench experiments

Bearing
Frequency

(kHz)
Interval
(min)

Duration
(s)

Loading force
(kN)

Rotating speed
(rpm)

Actual RUL
(min)

B1 20 10 1.667 5.89 1420 1800

B2 20 10 1.667 4.71 1420 2640

B3 20 10 1.667 7.85 1420 640

Fig. 7. Defect on rolling bearing B1.

Table III. Notation and parameters

Parameter Description Value

Spectral
processing

Fundamental frequency
estimation

FFT

κ Filter coefficient 10

L Moving window length 8 samples

a IFT coefficient 1.26

b IFT coefficient 3

μ Drift coefficient Updated by Eq. (36)

ε2 Variance of μ Updated by Eq. (37)

σ2 Diffusion coefficient Updated by Eq. (38)

Table IV. Comparison of THD and RMS

Bearing HI Mon Rob Tre HM

B1 THD 0.587 0.866 0.765 0.739

RMS 0.385 0.864 0.774 0.675

B2 THD 0.255 0.854 0.834 0.648

RMS 0.232 0.872 0.796 0.633

B3 THD 0.333 0.944 0.695 0.658

RMS 0.270 0.940 0.617 0.609

Fig. 8. FPT identification results for bearings using the horizontal
signal with a sampling interval of 10 min and a shaft speed of
1420 rpm: (a) B1 (load: 5.89 kN), (b) B2 (load: 4.71 kN), and
(c) B3 (load: 7.85 kN).
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of the rolling bearing and the contact area [58]. Of course,
the decline in the HI in the degradation phase may be due to
environmental noise or random noise interference, but in
this case, it should be irregular and transient. While a
repeating pattern is observed in Fig. 8(a),(b). So, to
understand the main reason, we should refer to the “self-
healing” phenomenon [59]. This phenomenon refers to a
condition in which the initial signs of damage (such as
cracks, wear, or corrosion) temporarily reduce or disappear
in the vibration signal. Of course, the “self-healing” phe-
nomenon is a temporary effect and does not mean the actual
improvement of the bearing. In fact, the damage may be
progressing secretly and suddenly intensify in the later
stages.

To evaluate the prediction accuracy of the proposed
model, the RUL estimation of the bearing in this test bench
was performed using two other common Wiener models,
namely the linear law (LLM) model and the exponential law
(ELM) model, in addition to the power model. The pre-
dicted RULs for different test specimens were compared
with the actual RUL, and the results are shown in
Fig. 9.

This comparison shows that the ELM has a lower RUL
prediction performance than the other models. The PLM
model outperforms the ELM and LLM models in most of
the samplings. In Fig. 9 (c), due to the sudden failure, there
was not enough CM data in the degradation phase. Never-
theless, the model showed acceptable prediction. Based on
the observed degradation trends of different bearings in
Fig. 8 and the corresponding RUL prediction results ob-
tained by the three models in Fig. 9, clearer guidance can be
provided on the applicability of each drift form. The ELM
yields satisfactory performance primarily when the degra-
dation rate exhibits a rapid (exponential) growth behavior.
The LLM performs well when the degradation rate is
approximately constant over time. However, since the
degradation trends observed in the experimental bearings
typically exhibit a slow initial phase followed by an accel-
erated degradation stage, the PLM demonstrates superior
prediction accuracy compared to the other two models. In
other words, when the degradation process is modeled as
μtb, the parameter μ can be interpreted as being related to the
growth rate of micro-cracks, whereas the exponent b char-
acterizes the evolution and coalescence behavior of micro-
cracks over time. Also, the results of RUL’PDF prediction
for B2 using three different Wiener drifts can be seen
in Fig. 10.

As can be seen from the RUL’PDF prediction results,
at the early degradation phase, the estimated parameters are
uncertain due to the lack of CM data. Therefore, the PDF
curves are mostly “flat” in shape and the RUL prediction
range is wide. With the gathering of CM data, the PDF
curves become more and more “sharp” and the RUL range
becomes smaller, which indicates that the uncertainty of the
prediction results is reduced. By examining the results of
Fig. 10 in more detail, it can be concluded that the ELM
model (Fig. 10(c)) provides acceptable prediction only near
the end of the bearing life, but the LLM model (Fig. 10(b))
provides relatively satisfactory prediction performance dur-
ing the bearing life and the PDF distributions mainly cover
the actual RUL. However, the PDF curves generated by the
PLM model are “sharper” in the early stages than those of
the other models, indicating a faster reduction of uncer-
tainty. Therefore, the proposed PLM model can provide
more informative and reliable RUL estimates for

subsequent decision-making. To quantify the accuracy of
the prediction results, four criteria are used: mean absolute
error (MAE), mean absolute percentage error (MAPE), root
mean square error (RMSE), and R-squared (R2). Let define
Eri = RULact

i − RULpredict
i , the criteria are expressed as

Eq. (39)–(42):

MAE =
1
n

Xn
i=1

jErij (39)

MAPE =
1
n

Xn
i=1

���� Eri
RULact

i

���� (40)

RMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
n
i=1 ðEriÞ2

n

r
(41)

Fig. 9. RUL prediction results of the LLM, ELM, and PLM for
different bearings using the horizontal signal with a sampling
interval of 10 min and a shaft speed of 1420 rpm: (a) B1 (load:
5.89 kN), (b) B2 (load: 4.71 kN), and (c) B3 (load: 7.85 kN).
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R2 = 1 −
P

n
i=1 ðEriÞ2P

n
i=1 ðRULacti − RUL

�����Þ2
(42)

The smaller the MAE, MAPE, and RMSE, the smaller
the prediction error of the model, and in other words, the

higher the accuracy of the model. Also, R2 shows what
percentage of the variation in the target variable (RUL) is
justified by the model. The closer R2 is to one, the better the
model fits. It should be noted that RUL prediction starts
immediately after the detected FPT and is updated at every
sampling instant (one prediction per sample). Therefore,
prediction errors are computed only over the post-FPT
period by comparing the predicted RUL with the actual
RUL at each step. The overall performance is reported using
MAE, RMSE,MAPE, and R2, aggregated over all post-FPT
predictions. For this purpose, to examine the accuracy of the
prediction model of different models, the results for the four
criteria are presented in Table V.

For fairness, all three drift models (LLM, ELM, and
PLM) are evaluated under identical preprocessing and
initialization settings (Table III). In this comparison,
LLM and ELM serve as commonly used baseline drift
forms, and their performance is reported using the same
protocol and metrics. According to the results of Table V, it
can be seen that the MAPE,MAE, and RSME values for the
proposed PLM model are much lower than the error
evaluation results in the ELM model. It is also seen that
the error rate for the PLM model is often improved com-
pared to the LLM model. Therefore, in general, it can be
concluded that the accuracy of the proposed model when
using the PLMmodel is much higher than other models. On
the other hand, the R2 values in bearings B1 and B2 are
above 0.97. This means that at least 97% of the RUL
variable changes can be predicted by the proposed model.
The R2 value in bearing B3 is lower than other bearings due
to early failure and lack of sufficient CM data. However, it
still has acceptable accuracy.

IX. CONCLUSIONS
In this study, THD is used as a new HI for RUL prediction.
Subsequently, to explain the change point from the healthy
phase to the degradation phase, an IFT is used with the
mean and variance of the THD curve. Then, the prediction
starts from the FPT point using the nonlinear Wiener
process. Using the nonlinear Wiener process PLM, random
effect and nonlinear feature are added to the prediction
model, which makes the model closer to the actual operat-
ing conditions of the bearing. The effectiveness of the
proposed model is validated using accelerated tests of
bearings. The results showed that the proposed HI is better
than the conventional RMS indicator in terms of monoto-
nicity, robustness, and trendability. Also, the proposed

Fig. 10. RUL’PDF prediction results of different drift forms for
bearing B2 based on the horizontal signal (sampling interval:
10 min; shaft speed: 1420 rpm): (a) PLM, (b) LLM, and (c) ELM.

Table V. Comparison of results of PLM, LLM, and ELM for various bearings

Bearing Life prediction model

Index

MAE RMSE MAPE R2

B1 PLM 4.333333333 4.714951668 0.429875147 0.978313442

LLM 4.641025641 5.385164807 0.358584719 0.982713514

ELM 141.12820512 327.87247364 4.425007770 0.390297443

B2 PLM 1.25 1.802775638 0.132317220 0.990856825

LLM 2.916666667 3.640054945 0.426539202 0.987682932

ELM 35.00 71.957163183 3.810248316 0.362757965

B3 PLM 5.333333333 5.354126135 3.388888889 0.75

LLM 5.333333333 5.354126135 3.388888889 0.75

ELM 5.00 5.06 3.22 0.25
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method has a very acceptable accuracy in predicting RUL
compared to the LLM and ELM models.

Future work will focus on verifying the application of
the proposed RUL prediction method in other mechanical
components.
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