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Abstract. There is no doubt that remaining useful life prediction is important to the health
management of modern mechanical equipment. But in most cases, the useful operational
information of equipment we can get are limited, one of them is vibration signal. Particle filter is
a hybrid prediction method combined with data-driven and model-based two kinds of methods. It
can solve prognosis problem with the fitted prediction model only by historical data, and allow
the uncertainty management. However, the prediction performance of the method is largely
dependent on the prediction model and very sensitive to the initial distribution of the model
parameters. These flaws limit the further development of particle filter methods in the prediction.
Aiming at the shortcomings of the basic particle filter prediction method, a general prediction
framework of particle filter based on degradation rate tracking is proposed in this paper. It turned
away from the fitted model, and utilized the statistical rule of degradation rate of historical data to
estimate and predict the degradation process of system. The effectiveness of the method proposed
is validated with useful life prediction case of rolling bearings.

Keywords: particle filter, vibration signal, degradation rate tracking, rolling bearing, remaining
useful life prediction.

1. Introduction

The structures of modern engineering systems become more complex, and it is difficult to
guarantee their long-term operation safety. The failure of a little component may result in the
accident of the whole system as well as huge losses and hazards. To avoid accidents, it is necessary
to predict the remaining useful life (RUL) of equipment and develop corresponding maintenance
schemes of improving the reliability and security of the system and reducing the maintenance cost.
Thus, in many important areas, prognosis for faults and the remaining useful life of equipment has
been increasingly concerned [1].

In recent years, a lot of methods based on different theories have been developed for the
prediction of remaining useful life of machinery [2], including neural networks [3], ARMA time
series model [4], half hidden Markov model [5], Relevance Vector Machine [6], and other
data-driven approaches as well as physical model-based approaches which are directly used to
predict RUL through analytical modeling or simulation of specific components [7-9].

Particle filter (PF) is a kind of nonlinear filtering based on sequential Monte Carlo method. It
gets rid of the limitation that the random variables must satisfy the Gaussian distribution while
solving nonlinear filtering problems. Hence PF can express much more distributions than the
Gaussian model and has stronger modeling capabilities for nonlinear characteristic of the
variables. It has been successfully applied to target tracking, acrospace, robotics positioning, fault
detection, and other fields and has been also applied to predict faults and useful life for mechanical
or electrical instruments recently [9-11]. In 2007, Orchard et al used PF to predict the crack
propanation in turbine engine blade and in a UH-60 planetary gear carrier plate with deterministic
crack growth model based on Paris’s Law [9]. Saha et al used the relevance vector machine (RVM)
and a PF to predict RUL of lithium-ion batteries. In their method, PF isused to estimate the RUL
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with a state-space model based on impedance spectroscopy data [12]. Then He and Chen et al.
utilized PF to predict RUL of lithium-ion batteries with a new model consisting of two exponential
functions [13, 14].

Nevertheless, PF is still not mature enough. The problems of PF include the choice of
importance function, the degeneracy problem and other problems of the algorithm itself [9].
Moreover, in its application of long-term prediction, the prediction efficacy relies on prediction
model excessively and is much sensitive to the initial distribution of the model parameters
[13, 15]. The applications of PF in the useful life prediction for machinery are largely limited
because condition monitoring for mechanical equipment mainly involves vibration signals and are
seriously influenced by external noise. Moreover, in the application, its modeling is difficult and
clear degradation characteristics are not available. In this paper, we presented a general prediction
framework of degradation rate tracking-based particle filter (DRT-PF) to solve above problems
and applied the method in the RUL prediction of mechanical components.

The paper is organized as follows. In Section 2, the characteristics and the implementation of
the prediction method based on PF are introduced briefly. In Section 3, the shortcomings of the
basic PF prediction method and corresponding improved methods are analyzed. In Section 4, three
instances of the PHM 2012 Data Challenge are investigated to validate the developed method for
estimating the remaining useful life of rolling bearings, and the investigation results are analyzed.
Finally, conclusions are drawn in Section 5.

2. Short overview of particle filter

Since the bootstrap particle filter was proposed by Gordon et al. in the 1990s [16], the PF
algorithm has already attracted wide attention. PF became a research focus and a number of
improved algorithms were developed. Subsequently, PF was applied in prediction. Based on the
Bayesian filtering and Monte Carlo algorithm, the predicted value of the posterior probability
density was obtained by time updating and measurement updating.

2.1. Optimal Bayesian filtering

Supposing that the dynamic system can be described by a mathematical model, the state
equation and measurement equation are expressed as follows:

X = f(Xpe—1, M1, (la)
Vi = h(Xy, @), (1b)

where f(-): R™ X R™ — R™ is the nonlinear function of the system state x;_1; {n,_;,k € N}
is stationary noise; n, and n, are the dimensions of the state and process noise,
h(*): R™ x R™ — R™ is the nonlinear function of the system state X;.; {w;, k € N} is stationary
noise; 1, and n,, are respectively the measurement dimension and observation noise dimension.
If the initial PDF of the state is known as p(X,|y,) = p(X,), then the state prediction equation

is:
POXuIYror) = [ PORelxe P Yr )i @
The state updating equation is:

P(Vie|Xi)p Xl Y1.1-1)
P(YViely1:k-1)

PXplyi) = ) 3)
where:
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PWilVir) = f PWilXOP Y1) X @

2.2. Sampling

With Monte Carlo method, the integral calculation can be converted into a summation
operation of limited samples. If q(X. |V1.x) is the first-order Markov process with easy sampling,
its probability density distribution is known and the same to p(Xg.x|y1.x). Supposing that we can
extract N samples {X\;,i=1,2,....N} (Xox = {(Xo, ...,X)}) from the probability density
distribution q(X¢..|V1.1), then the posterior probability density distribution of the state is obtained
approximately by Eq. (5):

N
P (Ko |y1:x) = Z Wk(xé;k)5(X0:k - Xé:k)' (5)
i=1

where wy (x,;,) is the weight of X}, (i = 1, 2,..., N); §(*) is the Dirac function; Wy (x},;,) is the
weight of normalized samples:

_ Pkl Xoa)p(Xox) (Y |X)p (X [Xpe—1)

Wi = = Wg—1 g (6)
qXouselyrx) q(XilXo:x-1, Y1)
If q(Xpe [Xo:k-1, Y1) = (X[ Xk—1, ¥i), then wy just depends on X and yj:
. . xi)p(xt|xt_
Wi o wi_, P(Yk| Z()pl( k| k 1). 7
Q(Xk|xk—1: Yk)

In the standard filtering algorithm, take:

q (X Xk—1, ¥i) = p(xic[x}c_1)- ®)

Then, the weight w}, normalized weight W/, and posterior probability density p(X|y;.x) can
be respectively expressed as follows:

wt o wi_p(yilxd) ©)
o wi 0
Wi = -
121 W
N
POulyia) = ) WES(xi — xE). an
i=1

2.3. Resampling

One of the main difficulties in the development of PF is the degeneracy problem. As the
algorithm evolves in time, the weight variances increase and the importance weight may be
concentrated on a small number of particles. Therefore, the predicted value becomes progressively
more skewed from the real value. In order to solve the degeneracy problem and adapt the dynamic
process of the system, a resampling algorithm is performed to eliminate particles with small
weights and duplicate those with large ones. The number of effective particles is defined as:
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1
Nesr = ——— (12)
) Iiv=1(Wk)2

Whenever Ngrr < Ny, a resampling algorithm is performed. Smaller N,fr means more
serious degeneracy. Ny, is a fixed threshold and is generally set to be 2N /3. N is the number of
particles. The stratified resampling algorithm proposed by Carpenter et al. can improve the
accuracy of PF algorithm and cut down computational time [17]. If considering residual
information, the stratified resampling algorithm will be more reasonable. Therefore, in this paper,
stratified resampling algorithm considering residual information is used for PF.

2.4. The implementation steps of the prediction algorithm based on particle filter

In the prediction strategy of system state with PF, the prediction model is determined firstly,
and then model parameters are filtered based on known observations. Through iterative updating,
model parameters are approximated to the real value as possible. Finally, the estimated values of
model parameters are substituted into the prediction model to extrapolate and predict the trend of
system degradation state. The steps are described as follows:

Step 1. Extracting degradation features. According to the raw measurement data, the proper
degradation features are chosen and extracted for predictive modeling.

Step 2. Obtaining the priori model knowledge. With the extracted degradation features, based
on historical data or experiences, the prediction model as well as the initial distribution of the
model parameters is determined.

Step 3. Initialization of particle samples. The particle population is randomly generated with
the priori probability p(X,), and the weight of every particle is 1/N.

Step 4. Recursive prediction. The state at time k + 1 is predicted with the state equation.

Step 5. Updating the particles’ state. Given the current observation, the likelihood function of
particles and the observation value are calculated. Accordingly, the particle weights are updated
and normalized to obtain the least square estimate of state X at time k as %, ~ Y=, wixk.

Step 6. Resampling. Resampling is performed according to the particle weights to obtain a
new set of particles.

Step 7. At the time k + 1, if there is a new observation, go back to Step 2, otherwise go to
Step 8.

Step 8. The statistical results of the prediction. All particles are extrapolated for prediction
with the prediction model and estimations of model parameters until the specified time or a preset
threshold is reached. The statistics of the predicted value X; or the time when the specified
threshold of N particles is reached were performed to obtain PDF of x at specified time or the PDF
of time to exceed a threshold.

3. DRT-PF framework for RUL prediction
3.1. Shortcomings of the basic particle filter prediction method

Although the basic PF prediction method has been applied in different domains, in the process
of its implementation, there are still some problems.

1) The “quality” of degradation features directly affects the accuracy of the prediction results.
The “quality” refers to the correlation degree of degradation feature to the real degradation trend
of the target system. In most cases, features directly measured or extracted would be affected by
a variety of factors, such as environmental noise. These features can only reflect the approximate
degradation trend of the system. If these features are used for prediction in particle filtering,
observation noise would disturb the iterative updating of the model, and the model parameters are
prone to diverge.
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2) It is not easy to determine the prediction model. In the basic PF prediction method, the
selection of the prediction model is an essential and important process and the accuracy of the
prediction results depends heavily on the prediction model. Even subtle change of the prediction
model may lead to the significant differences in predicted results and it is very disadvantageous
to the robustness of the prediction method [15].

3) With more parameters, the prediction model makes particle filtering of multi-dimensional
state more difficult. Usually, the selection of the prediction model depends on the fitting error of
the model for historical data. Simple models are often not able to accurately indicate the
degradation trend of historical data. However, an accurate prediction model is relatively complex
with more model parameters, which increase the implementation difficulty of the method and the
computation load of the algorithm.

4) Prediction results are much sensitive to the initial distribution of model parameters. Because
the parameters of usual prediction model have no actual observation in the updating phase, the
initial distribution set of these parameters directly determine whether the parameters can be
converged, and control the convergence rate. Although a suitable initial distribution of model
parameters was proposed according to the Dempster-Shafer theory in ref. [13], in fact this
approach does not always give the most proper results.

3.2. Improvements

To overcome the above disadvantages, we proposed a DRT-PF method, including three
improvements based on the basic PF prediction framework as follows.

1) Moving average smoothing and monotonizing for the degradation features sequentially.
Because we only care about the degradation trend of the system reflected by degradation features
while excluding other details contained in the features, it is necessary to remove the baneful
influence of noise or other external factors as possible. Through the above pretreatment, we can
obtain the features which indicate the degradation trend of the system more intuitively. Fig. 1
illustrates the comparison between raw degradation features and the pretreated features.
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Fig. 1. Comparison between raw degradation features and the pretreated features

2) The following general prediction model is used to replace the previous specific model,
which needs to be identified, to simplify the prediction process:

X1 = A X Xy, (13a)
Ve+1 = X410k q, (13b)

where a,, is the degradation rate of the feature and defined as the ratio of the state at time k + 1
to the state at the previous time k. In general prediction model, the content of every particle is
simplified and a particle includes only the state X and the degradation rate a, thus reducing
computational complexity considerably. Moreover, we can compute real-time observations of a
in the iterative updating phase. It means that the resampling can be used in the estimation of a,
significantly reduce the influence of the initial distribution set of model parameters on prediction
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results.

3) The priori information of the degradation rate a should be utilized completely. The
degradation rate a reflects the system degradation rate from the normal state to failure, and the
estimation of a determines the prediction of RUL for the system. Therefore, the accurate
estimation for the evolution trend of degradation rate in the prediction phase is very important.
Because the degradation behavior of equipment is a one-way variation over time, the range of the
degradation rate after smoothing and monotonizing pretreatment is easily determined. According
to the signification of degradation feature, a boundary a > 1 or a < 1 can be determined firstly.
Another boundary can be obtained from the statistics of the extreme value of a in historical data
population. The distribution map of the degradation rate with different features is computed based
on historical data statistics to guide the updating of particle state in the prediction phase.

The flowchart of the DRT-PF prediction method is shown in Fig. 2.

Prognostics Historical priori information

Data to be predicted Historical data

Pretreatment: S o fanct _
i tate transition r.:tlon + Xpp1=agX Xy
Measurement function :  ¥j41=Xz414+0

Pretreatment for historical data:
Smoothing, Monotonizing

Initialization of particles:
Generate particles based on the initial
distribution of model parameters.

X~ U(x, %), a~ U(a, &)

o~ U(ai, 6,)

Initial prior information statisical:
Degradation state: X
Degradation rate: a
Standard deviation of state: o

Prediction:
Predict x and a at time &+1 according to the
state transition function.

The distribution map of the degradation rate with
different features

Prediction results

Exceed the failure threshold?
The statistical results of the prediction:

According to the state of all particles at specific time,

calculate the corresponding PDF of system state.
Have new obscrvations ? According to the time of all particles exceed the

threshold, calculate the corresponding PDF of failure

time of system.

Updating:
Calculate the importance PDF according to the
observations and importance function.

Resampling:
Resampling in light of the importance PDF.

Obtain new particles

Fig. 2. Framework of the DRT-PF prediction algorithm
4. Case study and discussion

Rolling bearing is one of the most commonly used components in rotating machinery, and
most of the failures of rotating machines are related to rolling bearing. Therefore, bearings can be
considered as critical components because their failure significantly decreases availability and
security of machines.

In the paper, a set of bearing acceleration degradation tests were conducted to verify the
effectiveness of the proposed method. The experimental data came from the IEEE PHM 2012
Data Challenge organized by the IEEE Reliability Society and FEMTO-ST Institute [18].

As shown in Fig. 3, the experimentation platform is dedicated to test and validate bearings
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fault detection and diagnostic and prognostic approaches. A pneumatic jack, a vertical axis, and
its lever arm and a clamp ring constitute the radial force generation unit, which can provide the
maximum radial dynamic load of 4000 N. This makes bearing state deteriorate from normal state
to failure in only several hours, thus providing real experimental data of characterizing the
degradation of ball bearings in their whole service life (until the failure).

; Pressure regulal Cylinder Pressure ‘lﬁs&msor Bearing tested | ' Accelerometers
o
: o 0
4 3 , ! ; ———
. % : : : . ‘ s

Characteristics of tested bearings: diameter of rolling elements d = 3.5 mm, number of rolling
elements Z = 13, diameter of the outer race D, = 29.1 mm, diameter of inner race D; = 22.1 mm,
bearing mean diameter D,,, = 25.6 mm.

Experimental operating conditions: rotation speed is 1800 r/min, the radial load is 4000 N,
sampling frequency f; = 25.6 Hz, sampled every 10 s, each sampling time is 0.1 s.

4.1. Extraction of degradation features

From the experimental data, we tried to extract different features in the time and frequency
domains. However, neither the time domain features, such as root mean square (RMS), crest
factor, and kurtosis of vibration signals, nor the frequency domain features, such as the magnitude
at bearing defect frequencies, exhibited a consistent trend of bearing degradation. Therefore,
according to the rating standard of vibration quality ISO 2372-1974, we selected the vibration
intensity which combines the advantages of both time and frequency domain features as the
degradation feature for RUL prediction [19]. The vibration intensity is defined as the RMS value
of vibration velocity in the frequency range of 10-1000 Hz. It is a comprehensive description of
equipment vibration and reflects the quantity of total vibrational energy including the energy of
each harmonic. The vibration velocitycan be expressed as:

T
Vims = lfvz(t)dt, (14)

T
0

where T is time length of the signal, v(t) is the vibration velocity of the object system. If the
signal is discreet, Eq. (14) can be written as:

N-1
%Z vZ(n). (15)
n=0
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According to the properties of the Fourier transform, vibration intensity can be calculated in
the frequency domain. For the vibration signal x(n) of N points, the sampling frequency is f;, the
vibration intensity can be calculated with DFT as:

N-1

X(k) = Z x(n)e /2nkn/N | =0,1,2,...,N. (16)
0

The single-sided amplitude spectrum of vibration signal can be expressed as:
2
A, = NIX(k)l, k=0,1,2,..,N. (17)

The corresponding frequency is:

k
fo= Wf k=012 N (18)

The minimum integer greater than N X f, /f; is denoted as k,. The maximum integer less than
N X f,,/fs is denoted as k;,. If X(n) is a vibration acceleration signal, then its vibration intensity
in the frequency range of f},-f;, can be calculated as:

2
kb kb 2 kb 2
1 Ap 2 1 v XK 1 IX (k)|
S L LG PR
/i)
K=kg k k=kq \ 273" 2refs K=kq
S0 : * : c : r b # ]
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= 0 1 9 3 4 5 6 7 g 0 5 10 15 20 25 39
g x10° E %10’
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'E 50 2 #4
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Number of data %10 Time (s) x10
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Fig. 4. a) Raw vibration signals and b) their vibration intensities

The vibration intensity of some specific locations can be used as a criterion to judge whether
equipment is operating normally. The vibration intensity is in a low level and stable state when
the system is operating normally. Once fatigue damage or other faults occur at a certain
component, the device enters a depletion phase and the fault will be reflected as the increase of
vibrational energy. When vibration intensity increases to a certain extent, it will affect the
operational safety of the system. Consequently, we can calculate the bearing vibration intensity
with raw vibration data to obtain the degradation feature for RUL prediction.

Among all the data, the vibration intensity of the data of three bearings (Bearing 1-1, 1-3 and
1-4, respectively referred to as #1, #3, and #4) exhibits a gradual degradation trend, as shown in
Fig. 4. These three sets of data are chosen to verify the improved PF prediction method. With the
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three sets of data, a vibration intensity value of 0.1 mm/s was regarded as the initial point of the
prediction and the failure threshold is set to be 1.1 mm/s. Then, through the pretreatment of
smoothing and monotonizing, the final degradation features for PF prediction algorithm are
obtained, as shown in Fig. 5.

é’g 1.2p Failure threshold_

g

- 0.8

5

E 04r

=

3=

£ i 8 12 6 20
- Time (s) x10

Fig. 5. Degradation features after pretreatment
4.2. Historical priori information
4.2.1. The initial distribution of parameters

Before the prediction, the initial distribution of the model parameters should be determined
firstly. Particles are initialized with the uniform distribution. In the light of the Eq. (13), the
parameters to be initialized include the degradation state X, the standard variance o of the state,
and the degradation rate a. In the iterative updating phase, resampling will be conducted for x and
a. Therefore, their initial distribution can be set as an interval that is slightly larger than the range
of historical inspection data. The standard variance ¢ can be calculated with the residual statistics
between all raw features of historical data and the features of the pretreated data.

Because the prediction starting point is 0.1 mm/s, the initial distribution interval of the
degradation state X can be expressed as [0.08, 0.12], and the initial distribution interval of state
standard variance o is [0.005, 0.010]. The distribution intervals are obtained with the statistical
results of three sets of data.

According to the definition of the degradation rate:

x;(k+1
a() = X+ D
x; (k)
the degradation rates of degradation features for three sets of data are respectively calculated and
the initial distribution interval of degradation rate a can be obtained as [1.00, 1.03]. The initial
distribution of all model parameters are shown in Table 1.

(20)

Table 1.The initial distribution of model parameters

Model parameters Uniform distribution boundary
Lower boundary | Upper boundary
X 0.08 0.12
c 0.005 0.01
a 1.00 1.03

4.2.2. The distribution map of the degradation rate

Another work before prediction is the calculation of the distribution map of the degradation
rate with different features. The distribution information will be used to guide the estimation of
the degradation rate in the prediction phase. In the basic PF prediction method, degradation
trajectory of all particles are extrapolated directly according to the updateded model parameters.
During this process, a partcile would not be adjusted byany other ways, and the corresponding
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estimation errors of model parameters would accompany its evolution to the end. Whereas,
DFT-PF needs specific degradation rate of the feature for extrapolating, that can control the
accidental divergence of predictive error. It is not hard to obtain the distribution map of the
degradation rate with different features. Firstly, the degradation rates of different historical data
are assigned to the corresponding axis of the degradation feature, and then to calculate the
degradation trend curve with the interpolation algorithm. Finally, the normal distribution of the
degradation rate is fitted at each feature point and the distribution map of the degradation rate with
different features is obtained and shown in Fig. 6. Different colors denote the dfferent values, and
the bigger value indicate the more concentrated distribution.

1.04’ 1.2

1.03

Degradation rate a

1.02 g 0.6
1.01 I
1.00 A - 0

0.2 0.4 0.6 0.8 1.0 1.2
Degradation feature x
Fig. 6. The distribution map of the degradation rate with different features

In Fig. 6, the distribution map can be roughly divided into three stages: (1) x < 0.4, the
distribution of a is relatively decentralized at the begining, but as the increase of X, the distribution
converges to a narrower range gradually. That is because the manifestations of different bearings
differ widely at the early stage of faults, as severity deepening of faults, however, they would
become stable. (2) x = 0.4-0.9, the distribution of a always focuses on a narrow band. It means
that the faults of bearings are in a stably degradation condition at this stage. (3) x> 0.9,
distribution of a becomes wider again, and expands like a funnel. It shows that, as long as the
faults deteriorate to certain extent, the differences between different bearings or different faults
become more and more obvious. Some of them would sped the deterioration until complete failure,
while some others may retain previous level of degradation rate. Because of these complex
situations during the degradation process of bearings, it is necessary to track the degradation rate
for enhancing prediction performance.

According to Fig. 6, in the prediction phase, if degradation feature x reaches 0.8, the
corresponding degradation rate a focuses on 1.010-1.015; and if x reaches 1.0, the range of a
enlarges to about 1.01-1.03. We generate N degradation rate values randomly based on the
specific distribution obtained before, and substitute these values to prediction model for prediction
of every particles at next step.

In addition, the guidance information for degradation rate prediction also includes the value
range. According to the statistical results above, the value range of the degradation rate in the
whole degradation process, except for a few outliers, is about [1, 1.04]. Through limiting the
degradation rate with the algorithm, the particle divergence can be effectively controlled during
the calculation.

4.3. Prognostic results and discussion

Some statistical priori information has been obtained with historical data and is helpful in
predicting the degradation rate data of an individual sample. Because the details of every set of
data are ignored in the obtained statistical priori information, three sets of data above also can be
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used to validate the method.

Fig. 7(a) depicts the prediction results of 500 observation points for #3 data. Because the
relatively fewer data points are for model updating, the PDF range of RUL prediction is broad and
the width of 90 % confidence interval is 3415 s. The error between the prediction median and the
actual RUL is 770 s. The prediction results of 1000 observation points for #3 data are illustrated
in Fig. 7(b). With the increase in the data points for updating, 90 % confidence interval range
becomes smaller and the error between the prediction median and the actual RUL decreases to
550 s. In Fig. 7, the thick solid line denoting the prediction median has been traced to the nonlinear
trend of the degradation feature. However, some great oscillations occur between 10000 s and
12000 s, causing a step jump of the degradation feature after pretreatment. Therefore, these details
cannot be tracked and the prediction error becomes larger.
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Fig. 7. Prediction results of a) 500 and b) 1000 observation points for #3 data

Fig. 8 illustrates the statistics of prediction results of various observation points. Fig. 8(a)
shows the statistical prediction results for #1 data, which start from 1400 observation points. The
RUL is predicted for every 25 points. The dotted line denotes the actual RUL curve and the asterisk
line indicates 90 % confidence interval of RUL prediction at the corresponding time. The asterisk
positions indicate the interval boundary and the prediction median. Like #1 data, in #3 data, the
RUL is predicted for every 25 points from 800 observation points. The statistical results of the
two sets of data are similar. Moreover, the errors between prediction results and the actual RUL
gradually decrease with the increase of the known observations, while the prediction accuracy
gradually increases. With the increase of observations, the width of the confidence interval
becomes narrow, indicating that the prediction uncertainty gradually decreases. Moreover, the
prediction results of these two sets of data tend to be lower than actual RUL. Because the
oscillation at the initial stage of the raw feature is violent and its effect cannot be eliminated
completely through pretreatment, prediction results are significantly lower than the actual value.
However, the prediction result is very close to the actual RUL.

For #4 data, the prediction starts from 60 observation points and the RUL is predicted for every
10 points. The statistical results are shown in Fig. 8(c). Unlike #1 and #3 obviously, the results
between 100 to 180 observation points greatly exceed the actual RUL. After that, the results
converge to the actual RUL, and the corresponding confidence interval shrink to a very narrow
range quickly. After that, the prediction and their variance are smooth and stable until the bearing
failure. The reason caused this phenomenon is the particularity of #4 data, not the method itself.
As shown in Fig. 9, the evolution trend ofthe degradation feature points of #4 data which less than
100 or more than 180, have better consistency with the diminishing trend of RUL, and compare
with #1 and #3 data, they have better convergence and less fluctuation. But there is an 800 s
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“platform” phase of feature in the range of 100 to 180 points, which would produce a misleading
effect on the calculation and cause prediction errors. When the inspection data number is in the
range of the “platform”, such as 150 points, it is more reasonable to estimate that the degradation
rate after would be close to the latest one. It means that current prediction results can not capture
the turning point from the “platform” to ascending stage, so the predicted RUL is much more than
actual RUL definitely. Obviously, this problem cannot be avoided in most of the prediction
methods [14]. As long as the inspection data number is out of the “platform” period, the misleading
effect disappeared. Moreover, because the prediction features after 2000 s retain a better level of
convergence and consistency, so that all particles can rapidly converge to the actual RUL, the
results become very satisfactory.
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Fig. 8. Prediction statistical result of a) #1, b) #3 and c) #4 data

Compare with some traditional prediction approaches, particle filtering has more intuitive
physical meaning, and could provide the crucial probability information of prediction results for
decision maker. But for basic PF method, besides the shortcomings mentioned in Section 3.1, it
lacks extra error control in the prediction phase. So it is usually powerless for the long-term
prediction or other situations which prediction feature is dissatisfactory. During the experiment
verification, we tried to process the same data with basic PF method. However much time is taken
for determination of prediction model and initial distribution of model parameters, but we always
can not obtain acceptable results, sometimes the particles are even no convergence. The proposed
DRT-PF, through the dedicated pretreatment for degradation features, effectively improve their
convergent behaviour and trend consistency, and effectively control the prediction error due to the
strategy of degradation rate tracking. Though these measures can not fully remove the influences
of the “platform”, they are important to optimize the degradation features extracted from vibration
signal of bearings. From the case of #4 data, we can further determine the significance of the
quality of degradation features to a prediction method. The good consistency between features
and degradation trend of the component could ensure the accuracy of the results, and the
convrgence of feature decide the convrgence of resultsin great degree. Therefore, in order to
improve the ability of RUL prediction for mechanical components, besides improvement of
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method itself, trying to find a kind of more satisfactory prediction feature is equally important.
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5. Conclusions

In the paper, we investigated the implementation process of the PF prediction method and
pointed out a few shortcomings in detail. Aiming to these shortcomings, we proposed a novel
DRT-PF prediction method, in which we improved the basic PF method from three aspects: the
pretreatment of smoothing and monotonizing, the selection of general prediction model, and
complete utilization of the useful information in historical data. Compared with the basic PF
prediction method, the proposed method has the simplified implementation process and the better
generality. In addition, the more historical data, the better prediction results would be. Then we
utilized the accelerated whole life test data of rolling bearings to verify the effectiveness of the
proposed method. The verification results show that the proposed method can be applied to predict
the remaining useful life of rolling bearings.The further research will focus on how to find better
degradation feature and improve the on-line prediction performance based on the DRT-PF
framework.

Acknowledgements

This work was supported by the National Natural Science Foundation of China (Grant
Nos. 51105366 and 51475463) and the Research Project of National University of Defense
Technology. Additionally, the authors would like to thank the IEEE Reliability Society and
FEMTO-ST institute, for sharing the experimental data.

References

[1] Kruzic J. J. Predicting fatigue failures. Science, Vol. 325, 2009, p. 156-157.

[2] Yogesh G. B, Ibrahim Z., Sagar V. K. Overview of remaining useful life methodologies. ASME 2008
International Design Engineering Technical Conferences and Computers and Information in Engineering
Conference, American Society of Mechanical Engineers, New York, ASME, 2008, p. 1391-1400.

[31 Shao Y., Nezu K. Prognosis of remaining bearing life using neural networks. Proceedings of the
Institution of Mechanical Engineers, Part I: Journal of Systems and Control Engineering, Vol. 214,
Issue 3, 2000, p. 217-230.

[4] Lee J. A similarity-based prognostics approach for remaining useful life estimation of engineered
systems. IEEE International Conference on Prognostics and Health Management, Denver, 2008, p. 1-6.

[S]1 Dong M., He D. A segmental hidden semi-Markov model-based diagnostics and prognostics
framework and methodology. Mechanical Systems and Signal Processing, Vol. 21, Issue 5, 2007,
p. 2248-2266.

© JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. MAR 2015, VOLUME 17, ISSUE 2. ISSN 1392-8716 755



1551. REMAINING USEFUL LIFE PREDICTION OF ROLLING BEARINGS BY THE PARTICLE FILTER METHOD BASED ON DEGRADATION RATE

[6]
(71
8]
191
[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

756

TRACKING. BIN FAN, LEI HU, NIAOQING HU

Di Maio F., Tsui K. L., Zio E. Combining relevance vector machines and exponential regression for
bearing residual life estimation. Mechanical Systems and Signal Processing, Vol. 31, 2012, p. 405-427.
Li C. J., Lee H. Gear fatigue crack prognosis using embedded model, gear dynamic model and fracture
mechanics. Mechanical Systems and Signal Processing, Vol. 19, Issue 4, 2005, p. 836-849.

Feng Z., Zuo M. J., Chu F. Application of regularization dimension to gear damage assessment.
Mechanical Systems and Signal Processing, Vol. 24, 2010, p. 1081-1098.

Orchard M. E. A Particle Filtering-Based Framework for On-Line Fault Diagnosis and Failure
Prognosis. Dissertation for the Doctoral Degree, Atlanta, Georgia Institute of Technology, 2007.

Zio E., Peloni G. Particle filtering prognostic estimation of the remaining useful life of nonlinear
components. Reliability Engineering and System Safety, Vol. 96, Issue 3, 20011, p. 403-409.

Jin G., Matthews D. E., Zhou Z. A Bayesian framework for on-line degradation assessment and
residual life prediction of secondary batteries in spacecraft. Reliability Engineering and System Safety,
Vol. 113, 2013, p. 7-20.

Saha B., Goebel K. Uncertainty management for diagnostics and prognosticsof batteries using
bayesian techniques. IEEE Aerospace Conference, 2008, p. 1-8.

He W., Williard N., Osterman M., Pecht M. Prognostics of lithium-ion based on Dempster-Shafer
theory and the Bayesian Monte Carlo method. Journal of Power Sources, Vol. 196, 2011,
p. 10134-10321.

Chen C., Pecht M. Prognostics of lithium-ion batteries using model-based and data-driven methods.
IEEE International Conference on Prognostics and Health Management, Denver, 2012, p. 1-6.

Wang D., Miao Q., Pecht M. Prognostics of lithium-ion batteries based on relevance vectors and a
conditional three-parameter capacity degradation model. Journal of Power Sources, Vol. 239, 2013,
p. 253-264.

Gordon N. J., Salmond D. J., Smith A. F. M. Novel approach to nonlinear/non-gaussianbayesian
state estimation. IEE Proceedings on F Radar and Signal Processing, Vol. 140, Issue 2, 1993,
p. 107-113.

Carpenter J., Clifford P., Fearnhead P. Improved particle filter for nonlinear problems. IEE
Proceedings on Radar, Sonar and Navigation, Vol. 146, Issue 1, 1999, p. 2-7.
http://www.femto-st.fr/en/Research-departments/AS2M/Research-groups/PHM/IEEE-PHM-2012-
Datachallenge.php.

Fan X. H., An G., Wang K., Wu D. M. Research on vibration severity for machine condition
monitoring. Journal of Academy of Armored Force Engineering, Vol. 22, Issue 4, 2008, p. 46-49,
(in Chinese).

Bin Fan received his B.S. and M.S. degrees in Mechanical Engineering from National
University of Defense Technology, China, in 2008 and 2010, respectively. He is Ph.D.
student in Science and Technology on Integrated Logistics Support Laboratory, National
University of Defense Technology. His research interests include condition monitoring
and fault diagnosis, integrated logistics support, prognostics and health management.

Lei Hu received his B.S. degree from Xi’an Jiaotong University, China, in 2003 and
completed his M.S. and Ph.D. in Mechanical Engineering from National University of
Defense Technology, China, in 2005 and 2010, respectively. Presently he is a lecturer of
Science and Technology on Integrated Logistics Support Laboratory in National
University of Defense Technology. His current research interests include mechanical
signal processing, equipment health monitoring, fault diagnostics and prognostics.

Niaoqing Hu received his M.S. and Ph.D. degrees in Mechanical Engineering from
National University of Defense Technology, China, in 1992 and 2001, respectively. He is
a professor in Science and Technology on Integrated Logistics Support Laboratory,
National University of Defense Technology where he leads a research group working on
prognostics and health management for equipment. Presently he is particularly interested
in prognostics and health management, mechanical signal processing, condition
monitoring and fault diagnosis.

© JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. MAR 2015, VOLUME 17, ISSUE 2. ISSN 1392-8716




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.5
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages true
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth 8
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [4000 4000]
  /PageSize [612.000 792.000]
>> setpagedevice


