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Abstract 
Aiming at the problem of bearing remaining useful life (RUL) prediction, a bearing life 
prediction method based on Basic Scale Entropy (BSE) and unscented particle filter (UPF) 
is proposed. Firstly, BSE values are calculated from the vibration signals of the bearing. 
BSE values are used to analyze the complexity of the bearing degradation process and 
judge the degradation stages of the bearing. UPF method is used to predict the 
degradation state of bearing and judge the remaining useful life of bearing in real time. 
The effectiveness of the proposed method is verified by PHM 2012 bearing life data and 
compared with the standard particle filter method. The results show that the proposed 
method can effectively characterize the degradation process and solve the problem of 
particle degradation, and predict the remaining service life of bearings more accurately. 
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1. Introduction 

Rolling bearings are a key component in mechanical equipment systems. The life prediction of rolling 
bearings can assess the reliability of the equipment operating state in advance, provide guidance for 
equipment maintenance in time, and avoid economic losses or casualties caused by equipment failure, 
so the state monitoring and remaining life prediction of rolling bearings have important academic 
research significance and engineering practice value [1]. The performance degradation of rolling 
bearings usually follows the "normal-degradation-failure" model, and the identification of the 
degraded state of rolling bearings requires two key problems to be solved [2]: (1) Extraction of valid 
degradation features (2) Establish a scientific model for identifying degraded states. 

Constructing effective degenerative features is the basis for life prediction, and suitable features can 
simplify the prediction model and improve the accuracy of the prediction. During the degradation of 
bearings, their vibration signals generate new vibration patterns, which manifest themselves in 
increasing complexity over time. Therefore, the complexity indicator can be used to extract the 
operating state of the rotating machinery [3]. Many scholars have applied complexity indicators such 
as permutation entropy [4], sample entropy [5], approximate entropy [6], hierarchical entropy [7] to 
bearing fault diagnosis or life prediction, but these methods have problems such as poor consistency, 
susceptibility to outliers or sequence non-stationarity. As a complexity measurement method, basic 
scale entropy has the advantages of simple calculation and good consistency, which is suitable for 
short-term non-stationary sequences, and can effectively suppress signal noise, overcoming the 
shortcomings of the above complexity indicators. Some scholars [8][9] have also applied basic scale 
entropy to feature extraction, state identification and fault diagnosis of rolling bearings, and achieved 
good results. 
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The state prediction method based on performance degradation model is often adopted for the 
remaining life of rolling bearing equipment. The basic idea is as follows: assuming that a certain state 
variable can correspond to the bearing degradation process, the future state is predicted by the 
degradation model, and the remaining life of the rolling bearing is predicted in combination with the 
failure criterion. Kalman filtering,[10], particle filter,[11][12] and other Bayesian method-based 
inference methods can update model parameters and predict bearing life, but Kalman filtering is 
limited by the Gaussian hypothesis, and particle filter, although applicable to nonlinear, non-Gaussian 
models, has the defect of particle degradation, and particle degradation affects the accuracy of the 
remaining life prediction.[13] Traceless particle filter improves particle filter through the unmarked 
Kalman (UKF) filter method, and uses UKF to generate a more reasonable sampling probability 
distribution, thereby effectively inhibiting particle degradation problems, and some scholars [14] have 
also applied it to the life prediction of batteries and other devices, and achieved good results. 

In summary, this paper proposes a method for predicting the remaining life of the device based on 
the basic scale entropy and traceless particle filter algorithm. The IEEE PHM 2012 bearing life data 
set was used for case analysis, and the effectiveness and superiority of this method were verified by 
comparison. 

2. Relevant Theoretical Basis 

2.1 Basic Scale Entropy 

The brief calculation steps for basic scale entropy are as follows: 

2.1.1 Dimensionality Conversion 

For one-dimensional signals with data length N, u:{u(i):1≤i≤N}, each u(i), take m consecutive points 
to form an m-dimensional vector: 
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A total of N-m + 1 m-dimensional vector is composed. 

2.1.2 Calculate the Basic Scale 

For each m-dimensional vector, the basic scale BS is calculated, which is defined as the difference 
root mean square value of the interval (or magnitude) of all adjacent point data in the m-dimensional 
vector: 
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2.1.3 Symbolize the M-dimensional Vector 

Set the symbol division criteria a×BS, convert X(i) to m-dimensional symbol sequences: 
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There into 𝑠 ∈ 𝐴(𝐴 = 0,1,2,3) . The specific conversion criteria are as follows: 
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1,...,2,1  mNi , 1,...,1,0  mk . u represents the average of the ith m-dimensional vector. a is a 

special parameter, if the value of a is too large, will lead to the loss of detail information, a value too 
small will lead to too much noise impact. 

2.1.4 Calculate the Distribution Probability of 𝑆  

Since it includes four symbols, the sequence of m-dimensional vector symbols has 4m different 
combinations of π, so the probability of the entire N-m+1 m-dimensional vector is: 
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Where, 11  mNt , # represents the quantity. 

2.1.5 Calculate the Basic Scale Entropy 

The basic scale of entropy is defined as: 
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Basic scale entropy describes the fluctuation information contained by m values in a time series, that 
is, the complexity of the information. The larger the basic scale entropy value, the more complex the 
fluctuation pattern of the sequence dimension vector, and the higher the complexity of the sequence; 
Conversely, the smaller the entropy value, the lower the complexity of the sequence. [15]. 

2.2 UPF Algorithm 
Any nonlinear systems can be described by equations of state and the equations of observation: 
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where the θt is the state variable at the t moment, the zt is the measurement variable at the t moment; 
f is the state transfer function from the previous moment to the current moment; h is the observation 
function of the current moment; wt for process noise, vt for measurement noise. When solving a real 
problem, it is essentially solving p(θt|zt) , which means that the current state is optimized to obtain a 
correct estimated θt value using the sequence of observations z1:t={z1,...,zt}. 

Standard particle filter is a filter method based on Bayesian estimation theory and Monte Carlo 
thought. At time t-1 get a set of posterior distributions describing the state of the system:p(θt-1|zt-
1)random particle set, based on which the set of particles at time t is updated by the equation of state 
and the observed equation to make it approximate to the p(θt|zt). The sampling process of the PF 
algorithm breaks through the defect that the Kalman filter theory framework can only be used for 
Gaussian noise distribution. Also, there exists particle degeneration problem with Kalman filter. 

UPF is an improved algorithm based on the Unscented Kalman Filter (UKF). UKF approximates the 
posterior probability distribution by means of a traceless transformation obtaining a set of Sigma 
sample points , which is also a recursive Bayesian estimation method.[16] UPF generates a suggested 
distribution with UKF under a PF-based framework to guide PF sampling particles. Unlike the 
standard PF algorithm, each iteration of the UPF makes full use of measurement information from 
the latest moment, and the sampling particles  are closer to the true value of the posterior distribution. 
Meanwhile, UPF inherits the flexibility of the PF method to change the estimation accuracy by 
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adjusting the number of particles. Theoretically, the higher the number of particles, the higher the 
estimation accuracy. Assuming that the number of particles is M, the UPF algorithm flows as follows: 

Initialization, t=0. Generate a particle set from the prior distribution p(θ0). 

When t>0, with UKF, the state estimation �̅�  and covariance of the particle set at time t-1 are 

calculated. The particles are updated by the normal distribution ),(~ i
t

ii PN  .  

By equation (8), use the measured value of the current moment to update the corresponding weight 
of the particle. 
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And normalize the weights: 
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Resampling. Resampling includes random resampling, polynomial resampling, system resampling, 
residual resampling, and so on. This pa uses residual resampling to implement the resampling process. 

Use the updated particles and their weights to estimate the state of the t-moment. 
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Repeat (2) ~ (5) until the end of the filter. 

3. Predict Method 

The entire duty cycle of the bearing can be divided into three parts: the normal stage, the degradation 
stage and the failure stage. When the bearing enters the failure phase, the bearing is no longer stable 
and the remaining life of the bearing can be considered to be 0. Therefore, the remaining life 
prediction of the bearing only needs to take into account the normal stage and the degradation 
phase.Vibration signals have been widely used in bearing fault diagnosis and life prediction due to 
their ease of availability and sensitivity to changes in bearing condition [17]. Calculating the BSE 
value of the vibration signal can clearly identify the degradation stage of the bearing, which will be 
analyzed in detail in the test section of this article. Therefore, this article will extract the basic scale 
entropy from the vibration signal as a bearing performance degradation feature. 

The method proposed herein is shown in Fig. 1. When predicting the remaining life of the bearing, 
first determine whether the bearing has begun to enter the degradation stage, and when it enters the 
degradation stage, the model parameters and system state are updated in real time by combining the 
degradation model and the basic scale entropy of the current moment, and the remaining life 
prediction of the bearing is carried out. 
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Fig. 1 Accelerated life test bench layout 

3.1 Identification of Bearing Degradation State 

The bearing is in a normal state in the first stage of the whole life cycle, at which time the 
characteristics are relatively stable, and there is a clear degradation law in the degradation stage. 
Accurately identifying the normal state in the degraded state is conducive to reducing the interference 
of the normal state signal and characteristics on the degradation process, and saving computing 
resources. Therefore, the prediction of the remaining life of the bearing can start from the degradation 
phase. In this paper, combined with the identification method in the study of Li[18] et al., this paper 
proposes a method for determining the starting point of the bearing degradation stage by using basic 
scale entropy, and the steps are as follows: 



International Core Journal of Engineering Volume 8 Issue 11, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202211_8(11).0005

 

33 

(1) Record and continuously update the mean value μ of the basic scale entropy at the beginning of 
the bearing failure and the standard deviation σ, and define the basic scale entropy interval of the 
normal stage as [μ-3σ, μ+3σ]. 

(2) When the basic scale entropy value exceeds the above range, record the moment and set the 
moment as , defining k=0; 

(3) Let k = k+1, when t satisfies the basic scale entropy of k consecutive time points, define t-time as 
FPTk. 

(4) If k is gradually increased by 1 until k is satisfied of the bearing is considered to have entered the 
degradation stage at this time, and is defined as the starting point for the prediction of the remaining 
life of the bearing. 

Random noise can cause abnormal bearing characteristics and cause a misjudgment of the stage at 
which the bearing is located, and the above method can effectively eliminate this random effect. After 
the bearing is detected to have entered the degradation phase, the UPF method is used to predict the 
remaining life of the bearing using the basic scale entropy and degradation model. 

3.2 Bearing Degradation Model 

A bearing degradation model is a mathematical model used to describe the relationship between the 
health state of a bearing and its working time. This article combines the bearing degradation process 
with the characteristics of BSE, and the measurement equation is: 

 
)())(log()()1( tvcttttz                         (11) 

 

wherein: z(t) is the basic scale entropy for the t-moment; λ(t) is a time-varying parameter that 
represents the degradation rate of the system; β(t) is the system time scaling factor; c is the initial 
state of system degradation. 

Affected by the accuracy of the sensor, environmental noise, etc., there is always a certain error 
between the measurement result and the real state, and the objective error is uniformly expressed as 
the measurement noise and expressed. 

Due to differences in the bearing's own properties and working environment, the parameters λ(t) and 
β(t) of each bearing are different and change over time. In order to achieve better prediction results, 
the parameters are updated in real time, and the state transfer equation of the degraded model can be 
obtained as follows: 
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Where: wλ, wβ are process noise of λ(t), β(t) respectively. 

3.3 Bearing Remaining Life Prediction 

The remaining service life can be defined as: 
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Fig. 2 Accelerated life test bench layout 

 

Where: inf(·) to take the lower bound; Δt ≥ 0 is for the remaining life of the t-moment; γ is the failure 
threshold. RUL represents the length of time between the current moment and the end of the useful 
life. After the degradation model is determined, the model parameters of the current moment can be 
updated by the UPF algorithm using the measured values, and the state of the system z(t+Δt) after the 
Δt moment can be predicted backwards, and the time required for the system to reach the failure stage 
at the current moment is predicted by judgment the minimum time of z(t+Δt)≥γ, that is, RUL[19]. 

4. Experimental Analysis 

The full life data of rolling bearings provided by IEEE PHM 2012 was used to verify the effectiveness 
of the proposed life prediction method. The test was conducted at the PRONOSTIA test bench at the 
FEMTO-ST Research Center[19]. The arrangement is shown in Fig. 2. The accelerated degradation 
method is used to acquire vibration signals for the whole life cycle in both axial (H-direction) and 
radial (V-direction) directions during bearing degradation in a relatively short period of time. In the 
test, the sampling frequency of the system is 25.6kHz, the sampling time of each group is 0.1s, and 
the sampling interval between groups is 10s. 

One of the V-direction vibration signals in the same direction as the test load is used for verification, 
and the vibration time domain signals are shown in Fig. 3, a total of 515 groups, and the data length 
of each group is 2560. Fig. 3 shows that the amplitude of the signal increases suddenly towards 
5000s ,Group 490. At that point the bearing has entered the failure phase. However, there is no clear 
demarcation point between the normal phase and the degeneration phase of the signal. 

Take m=4 and a=0.2 to calculate the BSE values for each set of signals respectively, and the evolution 
law is shown in Fig. 4. As is shown in Fig. 4, the bearing vibration signal BSE as a whole maintains 
a monotonous upward trend, and the bearing degradation stage is obviously divided into three parts, 
showing the characteristics of phased degradation, and its failure time, 490 groups is consistent with 
the vibration time domain signal. Therefore, the use of BSE value to make complex measurements of 
bearing vibration signals can more completely characterize the "normal-degradation-failure" mode of 
bearing degradation. 
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Fig. 3 Time domain diagram of bearing vibration signal 

 

 
Fig. 4 Degradation law of bearing BSE value 

 

The UPF method is used to update the parameters of the forecast model and make real-time 
predictions of the remaining service life of the bearings. The degradation parameters are shown in 
Fig. 5. The horizontal coordinate 0 in the figure represents the first remaining life prediction point, 
and the subsequent abscissa values represent the group interval between the current moment and the 
first remaining life prediction point. As can be seen from Fig. 5., the UPF method effectively 
incorporates the latest observations with the bearing degradation process and dynamically adjusts the 
model parameters. 

To illustrate the effectiveness of the proposed method in this paper, the standard particle filter 
algorithm is introduced as a comparison, and the number of particles selected for both methods is 
1000. By calculating the BSE value [μ-3σ, μ+3σ] with the method proposed in 2.1, the bearing 
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entering the degradation stage from Group 53 is recognized. Taking the BSE value of group 53 as the 
starting point, the BSE value and the remaining service life are predicted by PF algorithm and UPF 
algorithm, respectively, and the BSE value prediction are shown in Fig. 6 and Fig. 7, and the 
remaining service life prediction results are shown in Fig. 8 and Fig. 9, respectively. 

 

 
(a) 

 
(b) 

Fig. 5 Degradation parameters update process: (a) Parameter λ, and (b) Parameter β 

 

From Fig. 6 and Fig. 7, it can be seen that the PF method and the UPF method can predict the BSE 
value more accurately, but the prediction value of the PF method has more violent oscillations, while 
the prediction value of the UPF method is generally smoother and reflected in the remaining life 
prediction results, as shown in Fig. 8 and Fig. 9. The remaining life predicted by the PF method 
fluctuates greatly, and the prediction error is relatively large; The prediction result of the UPF method 
is more stable, the prediction error is significantly smaller, and the prediction effect is more ideal. 
The comparison of the prediction results in Table 1 is also more consistent with the conclusions drawn 
in Fig. 8 and 9. 

From Table 1, it can be concluded that the prediction accuracy of the UPF method is significantly 
higher than that of the PF method. The reason is that in the UPF method, particle updates use the 
unsolicited Kalman filter method, and the deviation between the predicted value and the actual 
measured state value during the prediction process is smaller than the standard PF algorithm. When 
adding observations to update particle weights, the UPF method,with smaller prediction error, can 
effectively avoid the problem of degradation of most particles due to too small weight values, so the 
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prediction results have less fluctuation and more stable performance. The number of failed particles 
is used to evaluate the degradation of particles of the PF method and the UPF method during the state 
updating process. Fig. 10 shows the number of failed particles of two methods during the state update 
process every 10 groups. In the whole process, the number of failed particles of the UPF method is, 
always, significantly less than the number of failed particles of the PF method. This also proves that 
the UPF method can effectively inhibit the degradation of the example and improve the prediction 
accuracy. 

 
Fig. 6 BSE values prediction results with PF method 

 

Table 1. Comparison of RUL prediction results between PF and UPF methods 

 UPF PF 

Average prediction error /s 14.36 307.20 

Time to failure prediction error /s 50 660 

 

 
Fig. 7 BSE values prediction results with UPF method 
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Fig. 8 Remaining useful life prediction results with PF method 

 

 
Fig. 9 Remaining useful life prediction results with UPF method 

 

 
Fig. 10 Comparison of the number of failed particles 
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5. Conclusion 

In this paper, a method for predicting the remaining life of rolling bearings based on basic scale 
entropy and traceless particle filter is proposed. The following conclusions are obtained through the 
verification and comparison of experimental data: 

(1) The basic scale entropy method can reflect the rate of failure in the process of bearing vibration 
signal degradation over time, and describe the change in the state of the bearing through complexity, 
which can more completely characterize the ‘normal-degradation-failure’ mode of bearing 
degradation. 

(2) The UPF algorithm combines PF and UKF to effectively solve the particle degradation problem 
of the traditional PF algorithm with the increase number of iterations, and improve the prediction 
accuracy. 

(3) Methods based on BSE and UPF can effectively predict the remaining service life of bearings, 
and provide new research ideas for equipment safety maintenance in the process of production 
practice. 
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