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Abstract: Bearings are the key components in most of rotating machineries. Their failures can 
lead to catastrophic disasters. The accuracy of remaining useful life (RUL) prediction has a 
great influence on the preventive maintenance activity. RUL prediction based on standard 
back propagation neural network (BPNN) already exists. However, training standard BPNN 
needs more time and sometimes it may converge to local optima which can have contrary 
influence on the accuracy. Existing BPNN improving works used dynamic learning rate, 
momentum item and utilized genetic algorithms or other random researching algorithm to 
optimize the adjustment of connect weights in the network. In this paper, an improved BPNN 
based on Levenberg-Marquardt algorithm and momentum item is proposed. It can predict the 
bearing’s RUL with a good performance. Finally, the bearing simulation life data sets are used 
to validate the proposed method. The results show that the prediction accuracy of the proposed 
method is superior to other existing BPNNs. 
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1.   Introduction 

As an important content of condition based maintenance (CBM) [1], remaining useful life 
(RUL) prediction attracted many researchers’ attention. Among existing RUL prediction 
methods, neural networks based RUL prediction methods are very popular [2-4]. They all 
used Levenberg-Marquardt (LM) algorithm to train the back propagation neural network 
(BPNN). Through reviewing the existing articles, it is found that few people paid attention to 
the algorithm’s improvement to enhance the prediction performance. So, in order to improve 
the BPNN’s performance on RUL prediction, this paper proposes a hybrid optimization 
method both using dynamic momentum and damping LM algorithm to get more accurate 
RUL results. From reference [5], we can know prediction error deeply impacts the 
maintenance action which is based on the failure rate threshold. 

2.   Improved BPNN 

For a standard BPNN, the learning rate is a fixed value. Adjustment of weights is based on 
the gradient descend method which is related to last iteration and fixed adjustment step, 
namely, learning rate. Meanwhile, this method just considers the first-order derivatives of 
error function, and fixed learning rate is the main contribution of oscillation. As a good 
combination of Gaussian-Newton and steepest descend, LM algorithm considers the second-
order derivatives of error function and makes the convergence more fast. Momentum item 
connects the adjustment of weights in this iteration and the previous. It’s a good way to 
weaken oscillation. The form of the jointed LM and momentum item is as follows 
 w(t+1)=w(t)+△w(t)+λ(t)×α(t)×△w(t-1)      (1) 
t means the iteration steps. λ is the damping factor in LM algorithm which could be regarded 
as the learning rate in the standard momentum method. α is the momentum coefficient in the 
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momentum item. α should be updated according to the performance of the iteration. If the 
error reduces in this iteration, it means the previous weight update is beneficial to 
convergence, the researching direction is correct. Therefore α should be bigger for 
encouraging towards the correct direction. Otherwise, the momentum rate should decline. 
The weights update can be formulated as follows 
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If α is bigger than 1, it is 1. That limits α in the interval (0, 1). 
The principle of λ update is different from α update. For a given λ, if the error reduces, λ 

should decline to perform LM as the analogous Gauss-Newton algorithm which has the 
advantage of fast convergence for local search. Otherwise, λ increases to make LM 
analogous Steepest-descend algorithm for better searching global optima. By this way, λ is 
dynamic and the convergence is more efficient. The rule of the adjustment of λ is as follows. 
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Through equation (1)-(3), the weight update is performed by the hybrid optimization of 
LM algorithm and momentum method. The convergence speed is faster. The overall learning 
and prediction process is same to the standard BPNN. Only difference is the training 
algorithm. 

Meanwhile, activation function is another aspect to speed up training. The hyperbolic 
tangent activation function is used for the neurons in the hidden layer. Because we find that 
the hyperbolic tangent activation function could learn faster than the sigmoid activation 
function. The linear activation function is used for the neurons in the output layer. 

Many works have proved that the number of the neurons in the hidden layer is important 
for convergence. Too many or too few neurons make the network more time for training. 
Traditionally, it is set by expertise or random. In this paper, we decide the number of the 
neurons in the hidden layer according to the empirical formula which is shown as follows 
 hn in on σ= + +       (4) 
“in” and “on” are the number of the neurons in the input layer and output layer respectively. 
σ is a positive integer in interval (1, 10). 

3.   RUL Prediction Based on Improved BPNN 

The features extracted from the vibration signals can be as the input vector of the neural 
network. The outputs of the network are the RUL prediction results which usually are the 
time to failure. However, in this paper, the outputs are the RUL percent. This is based on the 
assumption that similar feature vector should have similar life percentage. This is very 
different from other RUL prediction methods which all have strong relations with the 
degradation trajectories.  

Similar to Tian [5], we can take an example to explain this idea. Suppose a bearing’s 
failure time is 1,000 hours. At an inspection point i, the time is 300 hours. In this method’s 
view, we say the component completed its 30% life and also has 70% RUL until failure. The 
feature vector at this inspection point is supposed as [1.1, 1.3, 2.4, 3.6, 4.5, 5.4]. Then, when 
a same type’s new bearing operates some time, the feature vector extracted from the 
vibration signals is [1.2, 1.1, 2.6, 3.3, 4.3, 5.7], we can judge this component has 70% RUL. 
Because the feature vector is very similar to the training feature vector at 30% life. Because 
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the stochastic character of bearing’s lives, even the similar feature vectors may have 
different life percentage due to the different component. So, for better prediction, this BPNN 
must trained by a lot of life data sets.  

4.   Verification Using Simulation Data 

Based on the amount of experiment data sets, Gebraeel et al. [6] shows the bearing 
degradation signal grows exponentially. So, Zhang et al. [7] developed a bearing life data 
simulation method. According to this method, we simulated sixteen bearing life data sets 
which can be used to validate the proposed method. Except of this, some statistical indexes 
were developed by Yuan and Uday [8]. 

Feature vector can be extracted from the vibration signals using wavelet packet analysis. 
The “db4” is selected as the wavelet base, and the decomposition level is set to three. The 
energy of wavelet packet coefficients is used as the feature vector. In engineering application, 
if we use some features to track the bearing degradation, it is preferably to use one good 
feature to define the failure but the peak value. In order to give an instance, the frequency 
band energy of 0~750 Hz is used as the indicator to define the bearing failure. The 
degradation path of these sixteen bearings defined by the frequency band can be depicted in 
Figure 1. The lives of these bearings are given in Table 1. 
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Figure 1: Energy Values of Simulated Vibration Data 

In order to evaluate the RUL prediction performance, we develop three new evaluation 
indexes to not only avoid unmeaning values but also make the results comparable from 
different training methods. The proposed indexes are as follows 
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I is the total number of testing sample, di is the desired output of the network and yi is the 
real output. index1 is the deviations from veridicality. |•| means the absolute value. index1 
doesn’t need to take the “inf” into consideration, because, I is a positive integer, the 
denominator won’t be zero. If the index1 is bigger, it means the predicted results are much 
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deviated from real value. index2 is the error function of BPNN in this paper, it’s another way 
to evaluate the mean error power. index3 is the error center. It’s the mean of the absolute 
error. If the results from equation (5) and equation (7) are small simultaneously, it means, the 
predicted results are closed to the real value. If the results from equation (5) is bigger, while 
the results from equation (7) is small, it means the error fluctuates heavily. By equations (5) 
and (7), it is an effective way to reflect the deviation of the results from the real value. 

Table 1: Lives of Training and Testing Data Sets 

Bearing No. Bearing 1 Bearing 2 Bearing 3 Bearing 4 Bearing 5 
Training (hour) 2511 1344 2654 2625 3580 
Bearing No. Bearing 6 Bearing 7 Bearing 8 Bearing 9 Bearing 10 
Training (hour) 3064 3179 2452 3300 2242 
Bearing No. Bearing 11 Bearing 12 Bearing 13 Bearing 14 Bearing 15 
Testing (hour) 2213 2838 3468 1597 3484 
Bearing No. Bearing 16         
Testing (hour) 3330         

 
As an illustration, the prediction results for Bearing 16 are shown in Figure 2. 
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Figure 2: Result of Prediction for Bearing 16 

In order to demonstrate the effectiveness of the proposed method, it is compared with 
two networks proposed by El-Alfy [9] and Nørgaard [10]. We denote them as ELM and 
NLM respectively. The comparison results of six bearings can be shown in Table 2.  

Table 2: Average Indexes Value for the Six Testing Data Sets 
Evaluation indicator No  index  index2 index3 
ELM BPNN 0.010  9.844  -0.005  
NLM BPNN 0.010  9.848  -0.005  
proposed LM BPNN 0.010  9.808  -0.004  

5.   Conclusions 

In this paper, an improved BPNN was developed to predict the bearing’s RUL. The better 
performance of the proposed method is validated by comparing it with two other traditional 
improved algorithms. It is very critical for making appropriate maintenance decision and 
saving the cost. In the future, the influence of maintenance cost by RUL prediction accuracy 
will be researched. 
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