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Abstract In the field of industrial process control in recent years, fault diagnosis technology has just become a very 
important and popular research direction. By installing sensors in the permanent magnet fast ring cabinet to collect 
multi-source data, and using data cleaning and standardization techniques, a fault detection and diagnosis method 
combining Bayesian inference MCMC and DPMM is proposed. The Bayesian inference MCMC method is the core 
of this fault correction technique, which is analyzed by comparing the differences between the observed data and 
various types of fault data. The results show that the CDC and RBC methods do not have the ability to track the 
fault propagation process, while the method proposed in this paper is able to analyze the different fault variables in 
the propagation process of faults, which verifies the robustness and practicability of this paper's method from 
multiple perspectives. 
 
Index Terms fault diagnosis, Bayesian inference, permanent magnet fast ring cabinet, data analysis 

I. Introduction 
With the economic development and technological progress, the development of ring network cabinet is also very 
rapid [1], [2]. At present, the operating mechanism of ring network cabinet in distribution room during operation 
mainly has two kinds of spring operating mechanism and permanent magnet operating mechanism [3], [4]. Statistics 
show that the failure of the operating mechanism accounts for about 70% of the failure of the whole ring network 
cabinet, and the permanent magnet mechanism has a higher failure rate in the circuit part due to more electronic 
components in the driving circuit [5]. Therefore, fault prediction and anomaly diagnosis of the operating mechanism 
of the ring network cabinet in operation, so as to detect the problems earlier, is of great significance to improve the 
reliability of the ring network cabinet operation [6], [7]. 

At present, the research focus on the operation state analysis and fault diagnosis of ring network cabinet and 
other power equipment is mainly concentrated on fault monitoring, fault diagnosis and fault identification, and the 
search for convenient, efficient and reliable fault prediction and abnormality diagnosis methods has become a trend 
[8]-[10]. Tan, L et al [11] proposed a new Adaptive Temporal Neighborhood Preserving Embedding (ATNPE) 
algorithm for fault detection of cable joints in ring cabinets, which combines approximate linear correlation and 
temporal neighborhood preserving embedding to improve the robustness and generalization of the model while 
maintaining the same fault detection rate as the existing models. Baojun, L et al [12] used Neighborhood Persistent 
Embedding (NPE) algorithm and Internet of Things (loT) technology to achieve real-time fault detection and 
monitoring of ring network cabinets in distribution networks. Sălceanu, C. E et al [13] experimentally analyzed the 
catastrophic effects of arcing inside the compartments of ring mains cabinets, which can occur as a result of 
malfunctions, abnormal operating conditions, or faults, and pose a danger to the personnel present during the 
installation. Liu, H et al [14] proposed a fault diagnosis method based on fuzzy granular interval theory for distribution 
network ring cabinets, which can quickly and accurately identify line faults using only locally measured bus-side 
voltage and positive current signals. Glowacz, A et al [15] proposed a fault diagnosis technique based on the 
identification of current signals using a primitive feature extraction method and three classification methods 
(Bayesian classifier, Linear Discriminant Analysis and Nearest Neighbor Classifier) to identify 100% of four different 
anomalous states. Sapena-Bano, A et al [16] proposed a fault prediction method based on the harmonic order 
tracking analysis method for the limitations of the traditional Fourier transform based power equipment such as ring 
network cabinet in fault prediction and anomaly diagnosis. Lu, W et al [17] proposed a deep neural network fault 
diagnosis model with domain adaptation, which has high classification accuracy in the target domain, and proposed 
an optimal hyperparameter exploration strategy for this model. Although a number of methods have been proposed 
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for the research of state analysis and fault diagnosis of power equipment such as ring network cabinets, however, 
these methods have the disadvantages of large training sample size and high noise. In addition, throughout the 
previous studies, researchers have focused on the diagnosis and analysis of short-term faults, and there are few 
reports on the realization of potential anomalies and fault warnings in the long-term operation process. 

By collecting and integrating multiple data from the permanent magnet fast ring cabinet, the numerical type data 
such as temperature, current and voltage are normalized to reflect the equipment status. Then the method of 
Bayesian inference MCMC combined with DPMM is proposed. The physical law between parameters is used to 
define the distance function of the parameters to be evaluated, and the distance function is combined into the 
likelihood function of Bayesian inference to convert the parameter evaluation problem into a maximum likelihood 
function solution problem. The method proposed in this paper, as well as the traditional method, is applied to 
numerical simulations and experimental comparative studies. 

II. Fault prediction and abnormality diagnosis model of permanent magnet fast ring 
network cabinet 

II. A. Data Acquisition and Preprocessing for Permanent Magnet Fast Ring Cabinet 
II. A. 1) Multi-source data acquisition techniques 
Multi-source data acquisition technology plays a crucial role in the intelligent identification and fault diagnosis system 
for permanent magnet fast ring main unit. The system monitors temperature changes in key parts of the ring main 
cabinet through high-precision temperature sensors with an accuracy of up to 0.1°C in order to effectively capture 
abnormalities such as overload. Meanwhile, current and voltage transformers and high-definition cameras (with 
infrared night vision function) are used to collect electrical data and visual information respectively. These devices 
form a unified data network through IoT technology, which ensures real-time data transmission and accurate 
summarization, providing comprehensive data support for fault analysis. 
 
II. A. 2) Data cleaning and standardization methods 
The first step in the data cleaning process is to deal with outliers in the collected data. Temperature data with 
readings that deviate from the normal range need to be labeled or corrected based on historical data and equipment 
characteristics to determine if they are sensor errors or interference. Current and voltage data, on the other hand, 
are identified and outliers are removed through the statistical 3  principle. The data are normalized by mapping 
the temperature data linearly to the 0 to 1 interval, while the current and voltage data are normalized according to 
the rated values, thus ensuring comparability between different data and improving the processing efficiency of the 
algorithm and the accuracy of fault diagnosis. 
 
II. B. Bayesian inference models 
II. B. 1) Distance function 
The parameter evaluation problem of Bayesian inference can be realized by defining the distance function of the 
parameter to be evaluated, whose distance function generally includes the baseline output and the corrected output. 
The setting of the distance function of the parameter to be evaluated is crucial, and the parameter evaluation 
problem can be converted into a maximum likelihood function solution problem by combining the distance function 
into the likelihood function of Bayesian inference [18]. For air conditioning system failures, the parameters to be 
evaluated are defined as sensor measurements or equipment failure condition performance magnitudes. 
Theoretically, the internal correlation between the parameters can be characterized by the physical laws between 
the parameters, data fitting and machine learning, so as to establish the distance function based on the plausible 
parameter definitions, the parameter definitions to be assessed, the non-assessment parameter definitions, or the 
benchmark expansion. Specifically, there exist four common forms of setting the distance function for the 
parameters to be assessed: 

(1) The distance function 1( )D x  based on the definition of credible parameters is shown in equation (1), which 
consists of the baseline output of credible parameters and the corrected output. Credible parameters can often be 
measured directly, and generally can be considered accurate and credible, such as total energy consumption of air 
conditioning systems, fan energy consumption, pump energy consumption, outdoor meteorological parameters. As 
shown in equation (2), the benchmark output 1YB  of the trusted parameter is equal to the measured value of the 
parameter. And the calibration value 1YC  of the credible parameter consists of the parameter measurement value 
and the parameter compensation value (i.e., the parameter offset constant), including the measured value of the 
parameter to be evaluated and its offset constant value, as shown in equation (3). 

  21 1, 1,
1 1

( )
N I

i i
n i

D x YB YC
 

   (1) 
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 1,i iYB S  (2) 

  1, 1 1 2 1 2, , , , , , ,i p qYC g M M M x x x    (3) 

where 1( )D x  is the distance function defined based on the plausible parameters; 1YB  and 1YC  are the baseline 
and corrected outputs of the plausible parameters, respectively; S  is the plausible parameter measurement; M  
is the parameter measurement; and x  is the parameter offset constant, which includes the magnitude of the sensor 
measurement bias and the severity level of the device failure; N   and I   are the number of parameter 
measurement datasets and evaluation parameters, respectively; n   is the ordinal number of the parameter 
measurement dataset; i , p  and q  are the evaluation parameter ordinal numbers; 1g  is the corrected output 
function defined based on the plausible parameters. 

(2) The distance function 2 ( )D x  defined based on the parameters to be evaluated is shown in equation (4). 
Accordingly, the baseline output value 2YB  of the parameter to be evaluated is defined by the measured value of 
other parameters and the corresponding offset constant; and the corrected output value 2YC   of the distance 
function based on the definition of the parameter to be evaluated is composed of the measured value of the 
evaluated parameter and the offset constant, and its value is usually equal to the cumulative value of the measured 
value of the evaluated parameter and the offset constant. 

 2
2 2, 2,

1 1

( ) ( )
N I

i i
n i

D x YB YC
 

   (4) 

  2, 2 1 2 1 2, , , , , , ,i p qYB f M M M x x x    (5) 

 2, 2 ( , )i i iYC g M x  (6) 

where 2 ( )D x  is the distance function defined based on the parameters to be evaluated; 2YB  and 2YC  are the 
baseline and corrected outputs of the parameters to be evaluated, respectively; and 2f  and 2g  are the baseline 
output function and corrected output function defined based on the parameters to be evaluated, respectively. 

(3) The distance function 3 ( )D x   defined based on the non-evaluated parameters is shown in equation (7). 
Different from the distance function 2 ( )D x , at this time the parameters to be evaluated are no longer the dependent 
variables of the benchmark output function, but the independent variables of its benchmark output function. Wherein, 
the benchmark output value 3YB   of the non-evaluated parameter consists of other parameter measurements 
including the parameter to be evaluated and the corresponding offset constants; while the corrected output value 

3YC   of the distance function defined based on the non-evaluated parameter consists of the non-evaluated 
parameter measurements and the offset constants, which is usually equal to the cumulative value of the parameter 
measurements and the offset constants. 

 2
3 3, 3,

1 1

( ) ( )
N I

i i
n i

D x YB YC
 

   (7) 

  3, 3 1 2 1 2, , , , , , ,i p qYB f M M M x x x    (8) 

 3, 3 ( , )i i iYC g M x  (9) 

where 3 ( )D x   is the distance function defined based on non-evaluated parameters; 3YB   and 3YC   are the 
benchmark output and corrected output of non-evaluated parameters, respectively; and 3f   and 3g   are the 
benchmark output function and corrected output function defined based on non-evaluated parameters, respectively. 

(4) The distance function 4 ( )D x  based on the benchmark expansion is shown in Equation (10), which is based 
on the available measurement data, and selectively increases one or more of the above three distance functions in 
order to expand the number of equations of the parameters to be evaluated in the distance function, and to increase 
the binding force of the distance function on the parameters to be evaluated, so as to weaken the negative impact 
of parameter underdetermination on the calibration results. Parameter underdetermination means that the given 
number of equations is not enough to define all the parameters to be evaluated in the distance function, resulting in 
the existence of multiple solutions of the equations, which leads to poor calibration results. 

      
1

2 2 2

4 1, , 2, 2, 3, 3,
1 1

( )
N

i i i i i i i
n i

D x YB YC YB YC YB YC
 

          (10) 
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where 4 ( )D x  is the distance function of the parameter to be evaluated based on the benchmark expansion. 
 
II. B. 2) Fundamentals of Bayesian Reasoning 
The basic principle of Bayesian inference is to derive a set of values such that there is as close a match as possible 
between the corrected value of the parameter to be corrected and the true value of the parameter to be corrected. 
The posterior distribution ( | )P x Y  of the offset constant x  of the parameter to be corrected is jointly defined by 
the full probability function ( )P Y , the prior distribution ( )x , and the likelihood function ( | )P Y x , and the basic 
mathematical expression is shown in equation (11). Based on the central limit theorem, the prior distribution ( )x  
of each offset constant is defined to obey the normal distribution. Where the full probability function ( )P Y  is a 
normalized constant as shown in equation (12). The likelihood function ( | )P Y x   is usually set as a normally 
distributed probability density function with zero mean. The distance function ( )D x   in Eq. (13) represents the 
difference between the benchmark function and the calibration function. 

 
( | ) ( )

( | )
( )

P Y x x
P x Y

P Y


  (11) 

 ( ) ( | ) ( )P Y P Y x x dx   (12) 

 2

1 1
( | ) exp ( )

22
P Y x D x

 
    

 (13) 

where x  is the offset constant of the parameter to be corrected; Y  is the observation; ( | )P x Y  is the posterior 
distribution function of the offset constant; ( )P Y  is the full probability function; ( | )P Y x  is the likelihood function 
of the offset constant; ( )x  is the prior distribution function of the offset constant;   is the standard deviation; 

( )D x  is the distance function of the offset constant. 
 
II. B. 3) MCMC algorithm equivalent sampling 
In Bayesian inference, the posterior distribution of the parameter to be evaluated is determined by the prior 
distribution of the parameter to be evaluated, the likelihood function and the full probability function. However, the 
full probability function in Bayesian inference is a very complex integration problem, which is usually difficult to 
compute directly [19]. Therefore, in this paper, the MCMC method is used to replace the complex integration 
problem, and the information of the parameters to be corrected is obtained by equivalent sampling through the 
MCMC method. That is, when the parameter posterior distribution function is defined, the MCMC sampling algorithm 
is used to generate equivalent samples of the parameter to be corrected, and to obtain the statistical characteristics 
of the posterior distribution, such as the mean, median and standard deviation. 
 
II. C. Fault diagnosis method of permanent magnet fast ring cabinet 
II. C. 1) Construction of the eigen phase space matrix 
Fault diagnosis is actually a pattern recognition problem, and feature extraction and selection is the key to pattern 
recognition. In order to reflect the operating state of the equipment as comprehensively as possible, the commonly 
used features for mechanical fault diagnosis are selected from the perspective of time domain and time-frequency 
domain, and the angular domain features are added based on the motion characteristics of reciprocating 
compressors. After optimizing the features by using the intra-class distance criterion, 34 optimal features are finally 
obtained. Obtain N   sets of training samples iX  , [1, ]i N   with different types of faults, extract features and 
construct the feature phase space matrix iF , [1, ]i N . 

  
1,1 1,

,1 ,

( ) [1, ]
p

i

q q p q p

f f

F a a b

f f


 
   
  



 



 (14) 

where, b  is the number of data groups contained in each training sample; ( )iF a  is the feature matrix of the a th 

group of data; e gf   is the g th feature of the signal of the e th measurement point; q  is the number of monitoring 

points; p  is the number of features. 
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II. C. 2) Model training 

After inputting iF   as a training sample for the DPMM, the mean-field variational inference method is used to 

approximate the posterior distribution ( | , , )i i i ip W F    of the hidden variables { , , }i i i iW v Z  in the model. After the 

family of variational distributions is obtained, the lower bound L  of log ( | )i ip F   is brought to a local maximum by 

iterating the variational parameter i , and then the weights and parameters of the distribution components are 
obtained. 
The self-learned statistical distribution model iM   of vibration signals of different faults of machinery using the 

DPMM method, [1, ]i N  can be expressed as: 

 , 1{ } | ~ (1, )i i k kv v Beta 
  (15) 

 , 1 0 0{ } | ~i i k k G G  
  (16) 

 , | ~ ( ( ))i n i iZ v Mult v  (17) 

  ,, , , ,| ~ |
i ni n i n i n i zF z p F   (18) 

where, i  and ( )iv  denote the parameter set and weight vector of this distributional model, respectively. 
 
II. C. 3) Calculation of Characteristic Contributions 
For a given iF , first calculate the mean value of each feature parameter therein and obtain a set of feature vectors 

iy , and then calculate the posterior probability of iy  in each component of the distribution of iM  separately: 

 
,

,1

( ) ( | )
( | )

( ) ( | )

i m i i m
m i K

i m i i mm

v p y
p C y

v p y

 

 





 (19) 

where, K  is the number of distribution components in iM . 
The similarity of each feature parameter in iy  to ,i mC  can be expressed as: 

 
21

( ) cov 2
, , ,( ) ( )v
i m i m i i mMd s M I y 

 
   
 

 (20) 

According to Eq. (14), the characteristic contribution of each type of fault data is calculated and used as a 
classification model: 

  , ,
1

( | ) [1, ]
K

i i m i i m
m

R p C y Md i N


   (21) 

II. C. 4) Fault classification 
The feature contribution rate r  of the observed data is calculated and compared with each classification model 

[1, ]i N , and the difference between them reflects the degree of similarity between the observed data and various 
types of fault data. Since the dimension of the feature contribution rate is high and it is difficult to judge the difference 
between them by direct observation, a distance-based representation of the degree of difference is proposed: 

  2

1

( ) [1, ]
L

i l il
l

D r R i N


    (22) 

where, L  is the number of feature types. Expressing the difference between feature contributions as a numerical 
value enables intuitive and effective fault classification. 

III. Numerical simulation and experimental research 
III. A. Numerical simulation 
III. A. 1) Rapidly changing fault simulation 
The fault sample can be written in the following general form: 

 *
f ix x f   (23) 

where f  is the fault amplitude and i  is the direction of the fault, indicating that the fault occurs over variable i . 
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A total of 1000 fault samples are collected, assuming that the fault occurs over variable 4 and the fault amplitude 
increases at a faster rate starting from 0. The fault samples can be written in the form of equation (24). The fault 
amplitudes at the 100th, 200th, 500th and 1000th samples are 0.25, 1, 6.25, and 25, respectively. 

 
 

*
4 4

2
4 / 40000 1,2,3 ,1000

fx x f

f i i

 

  
 (24) 

Firstly, the Bayesian inference MCMC method is utilized to detect 1000 fault samples, and the detection results 
are shown in Fig. 1, (a) and (b) are the fault detection of 1000 samples and the first 300 samples, respectively. 
Where Figure 1(b) is an enlarged view from 1-300 samples, the green line indicates the control limit of the integrated 
detection index  . It can be seen that the detection indicators show an exponential growth trend, and after 170 
samples the detection indicators are almost all located above the control limit, and the process detects faults. 

 

(a) 1000 samples                   (b) The first 300 samples 

Figure 1: Rapid change of mono-transmitter fault detection results 

III. A. 2) Slow-change fault simulation 
The fault model was changed to be as shown in equation (25) with faults occurring on variable 2 and a total of 1500 
fault samples were collected. The fault magnitude increases very slowly and at the 100th, 500th, 1000th and 1500th 
samples the fault magnitude is 0.005, 0.125, 0.5, and 1.125 respectively. 

 
*

2 2

2
4 / 2000000( 1, 2,3...,1500)

fx x f

f i i

 

 
 (25) 

Figure 2 shows the results of fault detection using PCA for 1500 fault samples, and it can be seen that the 
detection metrics change very slowly and do not exceed the control limits until about 1200 samples. 

 

Figure 2: The slow change of the monophone failure test results  



Fault prediction and anomaly diagnosis of permanent magnet fast ring cabinet based on Bayesian network inference modeling 

4847 

The sensitivity of the proposed new method to faults under such slow fault change conditions can be further 
illustrated by counting the cumulative number of times that variable 2 is diagnosed as a faulty variable over the 
range of selected samples, as shown in Table 1. If the entire 1500 fault samples are counted, the proposed Bayesian 
inference based method has 122 more times compared to CDC and 72 more times than RBC. Special observation 
in the range of 700 to 1200 samples, the proposed method is compared to CDC 56 times more and 21 times more 
than RBC. 

Table 1: The cumulative diagnosis of the failure variable 2 of the slow change 

Sample range CDC RBC Proposed method 

700-1200 228 263 284 

1-1500 572 622 694 

 
From the simulation results, it can be concluded that the proposed method is more sensitive, and due to the 

cumulative effect on the fault information, it is able to give correct diagnosis results in a shorter time, even before 
the detection indexes exceed the control limits. While both CDC and RBC have some delay, with CDC having the 
lowest sensitivity. 
 
III. B. Troubleshooting experiments and analysis 
In this simulation experiment, 2 common faults, i.e., blurred output image (fault 1) and insufficient cooling of air 
cooler (fault 2), are still utilized to verify the fault classification method of the permanent magnet fast grid cabinet. 
Validity of the method. In this section, contaminated data containing 500 normal samples and 100 fault samples are 
used as the training set. Then, for both normal and faulty test samples, 50 of them are randomly selected as labeled 
samples and the remaining are set as unlabeled samples. The test data consists of 300 faulty samples, and the 
number of retained principal elements A: in both PCA and this paper's model is determined to be 5 by the CPV 
criterion, and the confidence level of both PCA and this paper's model is set to 99% for the convenience of 
comparison. And the regulation parameters and 0 in this paper's model are set to 1 based on experience. 

First of all, fault 1 is taken as an example for specific analysis and study. the detection results of PCA for fault 1 
are shown in Fig. 3. From the figure, it can be seen that when the modeling data used for PCA contains only normal 
samples, the PCA algorithm has good fault detection performance and can detect most of the abnormal points. 

 

Figure 3: Detection results of fault 1 with pure data by PCA 

PCA data for contaminated fault 1 detection is shown in Fig. 4, however, when fault samples are added for 
modeling, the performance of the PCA model decreases and declines rapidly, and most of the fault sample points 
are not detected, the main reason is that PCA is an unsupervised method, which is difficult to deal with labeled 
samples. 

The detection results of this paper's method for fault 1 are shown in Fig. 5. In contrast, the method in this paper 
considers both normal samples and fault samples, and is able to learn the discriminative information of labeled 
samples while maintaining the global structure of the overall samples, so that it achieves similar fault detection 
accuracy as PCA for completely normal data, which is much better than that of PCA for contaminated data, and the 
process data will inevitably be contaminated by fault samples in the process of a complex machine operation. 
Therefore, the method in this paper is more robust and practical than PCA. 
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Figure 4: Detection results of fault 1 with polluted data by PCA 

 

Figure 5: The results of this method are tested for fault 1 

In addition, in order to quantitatively evaluate the fault detection accuracy, the quantitative metric of detection 
performance in this section is chosen as FDRs. then the results of FDRs of the different methods for the 2 faults 
are shown in Table 2, where the highest FDRs are marked in bold. It can be observed from the table that the 
proposed method has the highest 100% detection accuracy for fault 2 for both the 2 statistical metrics. Even for 
fault 1, the detection accuracy of the 2

semT  statistic of this paper's method is only slightly worse than that of PCA for 
pure fault data (i.e., 97.1% and 100%), and the statistic semQ  of this paper's method still achieves the highest 
detection accuracy (i.e., 100%). In addition, compared to the comparison algorithms, the model of this paper's 
method also achieves the highest average FDRs (i.e., 98.55% for 2

semT  and 100% for semQ ) and thus also verifies 
the superiority of fault detection of this paper's detection model from another perspective. 

Table 2: The detection rate of two kinds of failures in different methods 

 PCA(Contaminated data) PCA(Pure data) This method 

Fault number 2T  Q
 

2T  Q
 

2
semT

 semQ
 

1 3.1 10.8 100 100 97.1 100 

2 5.8 1.1 62.4 76 100 100 

Mean value 4.45 5.95 81.2 88 98.55 100 

 

IV. Conclusion 
In this paper, a fault diagnosis method combining Bayesian inference MCMC and DPMM is proposed, and the 
diagnostic results are compared by comparing the various types of methods with the characteristic contribution rate 
of the fault data between. The experimental results show that the proposed method can eliminate the influence of 
contamination effect and can track the fault propagation process with good applicability. Compared with the 
comparison algorithms, the method model of this paper also achieves the highest average FDRs (i.e., 98.55% for 

2
semT  and 100% for semQ ), and thus also verifies the superiority of fault detection of the detection model of this paper 

from another perspective. 
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