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Особенности приложения: 
– использование параметризованных моделей инструментов и станочных при-

способлений. В базовый комплект поставки входит набор готовых трехмерных мо-
делей инструментов и приспособлений. При этом есть возможность создания поль-
зователем собственных моделей; 

– использование скриптового языка программирования Python для редактиро-
вания и разработки постпроцессоров; 

– возможность включения в управляющую программу станочных циклов сис-
тем ЧПУ. 
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The prediction of remaining useful life (RUL) is the most challenge task in the area  
of reliability and safety of rolling bearing. Nuisance attribute projection (NAP) is used in this 
paper to eliminate the impact of operating conditions in vibration signals, as the inevitable errors 
in the manufacturing, installation, or operation of the bearings. Due to the limitation of hidden 
Markov model (HMM), an HSMM with aging factor is designed to solve problem of RUL 
prediction. Time-domain and other features are extracted from vibration signals and then 
transformed by NAP projection so can be used to train HSMM model. When the health state is 
determined by HSMM, state remaining duration estimation is used to help calculation of RUL. 
In order to test the prediction ability of the model, PHM 2012 challenge data are used, the result 
showed that the HSMM with NAP has made a great improvement than ones without. 
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Rolling bearings are one of the most important components in rotating machinery, 
which failure could cause dramatic damage to industrial production or military machinery. 
The key of rolling bearing life prediction is to extract proper state characteristics [1]. 
However, it is difficult to extract effective signal features because vibration signals are 
affected by noise and abnormal values. In this paper a method integrates NAP and HSMM 
is introduced. 

NAP is a technology used in face recognition and image recognition [2], and it can 
also identify bearing state degradation in rolling bearing fault diagnosis [3].  
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In N-dimensional feature space, n samples can be represented as an N × n order data 
matrix  ,...,,, 21 nfffF   and the NAP transformation matrix F   is calculated as follows: 
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where P is  N×N  order matrix, E for N×N unit matrix, i represents thebase vector  
of the itheigenvector of NAP, wi represents the itheigenvector of the NAP, and parameter d 
represents the number of base vectors obtained from the original eigenvector space.  
The parameter d can be determined by actual operating conditions and sampling points [4]. 

Hidden Markov model has rigorous data structure and can offer reliable computing 
performance. An HMM model can be noted as  ,,,,, BAMN   the parameters 
arenumber of states,the number of possible observations corresponding to each state,initial 
probability distribution vector,state transition probability matrix,observed probability 
matrix, respectively [5]. 

In normal HMM, the probability that the equipment will stay in a certain state for  
a certain period of time is    ii

d
iii aadP   11 . This probability fit geometric distribution, 

which is not obeyed in most practical applications. Hidden Semi-Markov Model (HSMM) 
which considers the explicit distribution of the state residence probability is proposed to 
overcome this disadvantage. The probability value  dpi  is used to describe the state dwell 

time [6].  
Hidden states of HSMM represents different levels of health states and failure state  

of equipment. When model parameters are known, the average duration of each health 
state can be calculated based on the state duration distribution. So,the RUL of the 
equipment at a current moment can be evaluated based on the average duration of the state, 
the health status of the current equipment and the model parameters. Dong proposed a life 
prediction method based on HSMM.  ihD  is the duration time when the equipment is in 

health state i, then the whole life cycle of the equipment is: 
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But when equipment is in the process of degradation, the RUL of equipment in  
the current state should gradually decrease over time. To solve this problem, Peng [8] 
incorporates the effects of aging factors into HSMM-based life prediction. Based on that, 
the state transition probability decreases over time. The remaining time of the equipment in 
the state hi after time I is obtained by equation:  
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where the n
iia  is the state transition probability considering the aging factor after time I at 

state  hi . Therefore, the RUL of the equipment after time I at state  hi is: 
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The main steps of a HSMM based life prediction method considering aging factors 
are as follows (fig. 1).  
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Fig. 1. RUL procedures of method based on NAP-HSMM 

The run to failure dataset of bearings published by the PHM 2012 prognostic 
challenge is used in this paper. The data was produced by the PRONOSTIA platform, 
which has been designed for testing and validating bearing fault detection, diagnostic and 
prognostic purposes.Three different working conditions by changing the spindle speed and 
load values has been conducted.  

Under Condition 1, a total of 7 groups of test bearing life data were collected.  
The types and operating conditions of the 7 groups of bearings are the same, but their life 
cycles vary, and their failure modes also have their own characteristics. 

Only the data of condition 1 is used in this paper, 350 sets of data before and 150 sets 
of data after the health state turning points were intercepted to train the model. Intercepted 
segment mainly includes a health state and a failure state, so the number of hidden states 
for HSMM is set to 2.  

During feature extraction, 17 dimensional features including time-domain, frequency-
domain, and time-frequency domain are used. Then multiple sets of bearing features 
aretransformed based on NAP in order to eliminate nuisance attribute information caused 
by operating conditions. 

First 6 sets of data in condition 1are used for training NAP-HSMM model. After 
projecting the features from intercepted dataof the bearing1_7, the RUL can be calculated, 
and failure is predicted at 2214’th sets of files, as shown in fig. 2. 

 

Fig. 2. Predicted RUL of Bearing1_7 with NAP 
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As comparison, original features of bearing 1_7 without NAP transformation have 
been put into the model. With everything else unchanged, the prediction of RUL of is 
shown in fig. 3. The difference in the prediction results during the initial period of time is 
not significant. However, when the bearing approaches the failure state, the prediction  
of RUL without using NAP has significant fluctuations over a period of time, which are 
significantly inconsistent with the actual situation.  

 

Fig. 3. Predicted RUL of Bearing1_7 without NAP 

Therefore, the prediction ability of the RUL model trained by unprojected features is 
weaker. The results validate the importance of the algorithm based on NAP in HSMM 
RUL prediction methods.Since the model presented in the paper concerns at this time only 
on two-state HSMM, the health state will be considered to be divided into more 
segmentation in the future work. 

R e f e r e n c e s  

1. Jardine, A. K. S. A review on machinery diagnostics and prognostics implementing condition-
based maintenance / A. K. S. Jardine, D. Lin, D. Banjevic // Mechanical Systems & Signal 
Processing. – 2006. – Vol. 20, Iss. 7. – Р. 1483–1510. 

2. Removing Illumination Artifacts From Face Images Using The Nuisance Attribute Projection; 
proceedings of the Acoustics Speech and Signal / V. Struc [et al.] // Processing (ICASSP), IEEE 
International Conference, on Feb., 2010. 

3. An intelligent performance degradation assessment method for bearings / H. Jiang [et al.] // 
Journal of Vibration and Control. – 2016. https://doi.org/10.1177/1077546315624996 

4. Huang, W. Rolling bearing fault diagnosis and performance degradation assessment under variable 
operation conditions based on nuisance attribute projection / W. Huang, J. Cheng, Y. Yang // 
Mechanical Systems and Signal Processing. – 2019. – Р. 165–188.  

5. Rabiner L R. A tutorial on hidden Markov models and selected application in speech recognition. 
Proc. of the IEEE. – 1989. – Vol. 77, Iss. 2. – Р. 257–286. 

6. Russell, M. J. Explicit modeling of state occupancy in hidden Markov models for automatic speech 
recognition / M. J. Russell, R. K. Moore. – Proc. Of ICASSP’85, Tampa, FL, 1985. – Р. 5–8. 

7. Dong, M. Equipment health diagnosis and prognosis using hidden semi-Markov models / М. 
Dong, D. He, P. Banerjee // International Journal of Advanced Manufacturing Technology/ – 
2006. – Vol. 30, Iss. 7–8. – P. 738–749. 

8. 彭颖.基于退化隐式半马尔科夫模型的设备健康预测及系统性维护策略研究 [D]; 上海交通大学, 

2011. 
9. IEEE P. H. M. Data challenge. – Mode of access: https://www.femto-st.fr/f /d/IEEEP.H.M.2012-

Challenge-Details.pdf. 


