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Abstract: This paper presents data driven and expert knowledge method for
diagnosing rotating machinery fault. The belief rule-based (BRB) inference
method is used to model the complex nonlinear relationship between the
abnormal vibration features of rotating machinery and its fault type. If the data
of al features are used for diagnosis, then computation burden will be too large
to realise real-time diagnosis. First, the inputs of BRB model are reduced and
weighted through neural network based on data driven agorithm. The outputs
of BRB model are fault types of rotating machinery. The belief rules activated
by the inputs are combined by the evidential reasoning (ER) algorithm so as to
obtain the fused belief structure about the fault, and then, the accurate diagnose
result can be calculated from the fused result. The diagnosis results cannot only
judge the fault type, but also give the probability of potential fault. The model
parameters are open and interpretable. Finally, in the experiment of fault
diagnosis of motor rotor, the effectiveness of the proposed method is
illustrated.
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1 Introduction

Rotating machinery is the key equipment in power, petrochemical, metallurgy and other
pillar industries of national production, as shown in Figure 1. With the increase of
running speed, load and automation of rotating machinery equipment, and the actual
demand for long-term continuous operation in complex industrial environment, once the
fault or any damage occurs in the equipment, which will directly affect its normal
operation in industrial applications, resulting in serious accidents and economic losses
(Sunetal., 2013; Xu et a., 2017). Therefore, in order to ensure the continuous, stable and
safe operation of rotating machinery in industria application, it is necessary and
meaningful to diagnose accurately the rotating machinery fault (Gonza et a., 2020;
Choudhary et al., 2020). The importance of rotating machinery fault diagnosis comes
from the serious need for continuous monitoring of the heath of the industrial
components and systems through their life (Omar et al., 2021; Musaw et al., 2020).

The essence of rotating machinery fault diagnosisisto identify the abnormal working
conditions of rotor system, gearbox and other components (Yu et a., 2020; Chen et d.,
2020). There are many researches on fault diagnosis of rotating machinery in recent
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years, which are mainly divided into four categories: fault diagnosis based on analytical
model, fault diagnosis based on signal/image processing, fault diagnosis based on
data-driven and fault diagnosis based on expert knowledge (Gao et a., 2015; Omar et d.,
2020; Devargjan et d., 2021; Choudhary et al., 2021). Analytical model-based fault
diagnosis method has the advantage of penetrating into the essence of object and
real-time fault diagnosis, and fault characteristics of system are usually closely related to
model parameters, such as turbine motor fault diagnosis (Alhelou et a., 2018). However,
for complex rotating mechanical systems, the cost of establishing analytical model is too
high to affect its wide application in this field. Signal/image processing-based fault
diagnosis method mainly analyse various sensor information to diagnose equipment fault
types (Yan et a., 2020; Atamuradov et a., 2020). Thermographic fault diagnosis of
ventilation in BLDC (brushless DC) motors is described (Glowacz, 2021). The main
disadvantages of this method are as follows:

1 expensive sensor isrequired
2 It cannot be used as early fault detection and diagnosis (Omar et al., 2020).

Sounds and acoustic emission principle is used for early fault diagnosis of induction
motor (Omar et al., 2021; Pham et a., 2020). This method has the ability of easy
implementation, fault location and high frequency processing. But at the same time, this
method is too sensitive to noise and requires expensive sensors (Omar et a., 2020).
Because vibration information has unique advantages in characterising the fault state of
rotating machinery, it is an effective method to diagnose the fault of rotating machinery,
such as the early fault diagnosis method of rotating machinery based on empirical mode
(Gao et a., 2021; Wu et a., 2016). However, in the noise environment of complex
mechanical system, vibration information often has the characteristics of strong
uncertainty and randomness. Most of the existing methods use single source information
for fault diagnosis, which is easy to cause misjudgment and uncertainty of diagnosis
results. The data-driven fault diagnosis method can distinguish the normal mode and fault
mode of the system by obtaining the hidden deep-seated feature information. This
method uses the collected monitoring data and various data mining technologies to obtain
the above hidden feature information. Artificial Intelligence method is one of the
data-driven methods, such as support vector machine and deep neural network (Wu et dl.,
2020; He and He, 2020). Because of its strong fault feature extraction ability, it has been
widely applied in the field of fault diagnosis (Wang et al., 2021; Wu et al., 2019), but the
training of classification model often requires a large amount of sample data, otherwise
the mode is prone to over fitting. In order to increase diagnostic performance,
knowledge-based intelligent systems should be further investigated (Omar et al., 2020;
Bui et al., 2020). The fault diagnosis method based on expert knowledge uses incomplete
prior knowledge to describe the functiona structure of the system, and predicts the
system fault according to the established qualitative reasoning model. Because it is
difficult to determine the accurate model of rotating machinery, this method has attracted
more and more scholars' attention (Alhelou et al., 2018; Cheng et a ., 2022).

In view of the above problems, this paper proposes a novel rotating machinery fault
diagnosis method based on data-driven and expert knowledge. This method ingeniously
fuses the fault feature mining ability of data-driven method and the advantages of expert
knowledge method in dealing with uncertain information. Aiming at the random
interference of a single information source in space, a multi-source vibration information
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sensing mechanism is designed. However, if the data of all features are used for
diagnosis, then computation burden will be too large to realise real-time diagnosis. The
data-driven neural network method is used to extract important fault feature information
as model input. The BRB is used to model the complex non-linear relationship between
the abnormal vibration features of rotating machinery and its fault type. The belief rules
activated by the inputs are combined by the evidential reasoning (ER) agorithm (Zhou
et a., 2019; Song et a., 2022) so as to obtain the fused belief structure about the fault,
and then, the accurate diagnose result can be calculated from the fused result. The
diagnosis results cannot only judge the fault type, but aso give the probability of
potential fault. The model parameters are open and interpretable.

Figurel Application of rotating mechanical equipment in various fields (see online version
for colours)

2 Problem description and belief rule base theory

2.1 Problemdescription

In practical engineering applications, rotating machinery often runs under heavy load,
long-time operation and other harsh conditions. This above working conditions will
easily lead to rotor unbalance, rotor misalignment, pedestal looseness, connector
looseness, gear tooth missing and other faults in rotating machinery. These faults often
lead to varying degrees of nonlinear vibration of rotating machinery (Wu et a., 2019). If
the fault diagnosis model is constructed by nonlinear vibration data, the fault type and
degree of rotating machinery can be diagnosed timely and accurately. It is helpful to
improve the level of status maintenance and realise the health life cycle management of
rotating machinery. The advantage of this method is the fault diagnosis model based on
monitoring vibration data and expert knowledge, which can judge the health state of
rotating machinery without shutdown maintenance, so as to adjust the maintenance cycle
and ensure the stable and safe operation of rotating machinery.
There are two main problems to be solved in this paper:

Problem 1: How to use the monitoring vibration data and expert knowledge to establish
the fault diagnosis model of rotating machinery based on the belief rule base reasoning.
Therefore, the fault diagnosis model is established as follows:
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Fi=f(x,x2-,x1,R), Q)

where Fi represents the fault type of rotating machinery, x represents the fault features
information, f(e) represents the nonlinear mapping function and R represents the expert
knowledge.

Problem 2: If the input information of BRB is too much, the number of combination rule
will increase explosively, which seriously affects the real-time performance of fault
diagnosis. However, at the same time, the fault feature information is too little to
represent the fault type. Therefore, the MIV algorithm is used to pick out the fault
characteristic factors which are highly correlated with the fault features, and then the fault
characteristic factors are used to model and diagnose the fault, which will improve the
diagnosis rate and real-time performance of the model. The filtering model is established
asfollows:

Q(c,d)=q(cycz,--+,n, F), 2

where Q(ci, di) is the reduced and weighted information, J'is the attribute weight, g(c;, ¢,
..., Cn, F) is the input information, c represents the reduced and weighted feature
information, and F represents the fault type.

2.2 Belief rule base theory

In the actual high-noise working environment of rotating machinery, there is a strong
nonlinear characteristic between fault feature and type. At the same time, the vibration
sensor used to collect fault feature information has its own systematic error. These factors
greatly increase the uncertainty of fault diagnosis model. The belief rule base reasoning
method cannot only integrate subjective and objective information, but also use ER
process to reason uncertain information, which has unique advantages of uncertain
nonlinear modelling. Moreover, the physicadl meaning of model parameters is
interpretable, so it has friendly practical value. The belief rule base is composed of a
series of belief rules with the same structure, and the belief structure in the evidence form
is used to describe the latter attribute of the belief rule. The belief rule is expressed as (Li
eta., 2017):

Re If x=Af and x; = A and x3 = AS, then {(Fe, Box), (Fs, fok)s - (F1, Sri)}
with rule weights 4, attribute weights &1, &%, & where k represents the ki belief rule, x,
X2, X3 represents the amplitude change of 1X~3X frequency doubling, Af, Ak, AX
respectively represent the reference value of the input attribute. x, = A and x, = AX and
X3 = AX constitute the antecedent of the belief rule, F1, F», ..., Fe represent the six fault

types, 4« represents the belief degree to each fault type, and j represents the j™ fault type,
those together constitute consequent of the belief rule. When 4 = 1, the conseguent of
the belief ruleis (F;, 1), the belief ruleis degenerated to ageneral IF-THEN form.
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3 Rotating machinery fault diagnosis model based on data driven and
expert knowledge

This fault diagnosis model is mainly divided into three parts:
1 Fault feature extraction based on data driven method.

2 Reasoning process of fault diagnosis model.

3 Model optimisation.

The detailed steps of fault diagnosis model are described in the block diagram, as shown
in Figure 2.

3.1 Fault feature extraction based on data driven method

The mean impact value (MIV) is based on BP neura network, which represents the
importance weight of each variable affecting the dependent variable. If there is a small
change Awij of the connection weight between the input layer and the hidden layer, this
change will be passed to the output § of the hidden layer and make it change As, and
then the change e« of the network output will be generated. The weight wj; and wix will be
updated through the reverse transfer. The loss function is defined as follows (Ji
eta., 2017):

E(e) == Zef Z y(k) - y()T", 3)
Jl

For the fault feature dataset X = [x(1), x(2) ... x(L)], self-increase and self-decrease
operations are carried out for a feature variable in each sample data.

X9 =[x0@,x92),,x2(w) ], 4
X0 (w) = Da(w), -+, (£ 8)x (W), -, xa(W)] ", ®)

where L represents the number of fault feature factors and n represents the number of
sample groups. The fitting output of the neural network is shown as follows:

L
= ZZja)jk+bk, (6)
k=1
z = f[Zwinﬁg(W)wj- (7)
i=1
If Y(w)=F (xa(w), X2(W), -+, Xn(W) , then
IVi=Yi+—Yi-
= F (xa(w), -+, (1+0) % (W), -, Xn(W)) 8

—F (xa(w), -+, (1= 9)%(W), -+, Xn(W) ).
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S0,01<6<03,i=1,2 ....,n Yi.+ and Yi.- respectively represent the network output
results of sample set X;. and X, . The impact value of each fault feature variable on

the fault type in the sampleis expressed as.
IV =[IVy V2, IVa]", ©)

Then, taking the average value of 1V according to the number of observed column, the
MIV of fault feature on the final output fault type can be calculated as:

1 L
MIV :I;M (10)

3.2 Reasoning process of fault diagnosis model

According to the MIV of fault feature and expert knowledge, reduced fault feature c and
weighted attribute weight are used to construct the initial belief rule base. Therule in the
belief rule base will be activated to varying degrees by input fault feature data. The
activation weight wk can be defined as

we =0 [ () z{enm} 1)

i=1 i=1

where di istherelative attribute weight of the activated rule

—_ 5
5i = %pﬂ{&i}. (12

There is a certain matching degree ¢ between the input variable x; and the antecedent
referencevalue A*, Afe {Af, A%,.... A% | If X isless than or equal to the minimum in
AKX, or greater than or equal to the maximum in A¥, the matching degree o between x;
and A¥ is0or 1. Otherwise, the matching degree ¢ can be expressed as
oy :(Alfq _Xi)/(Alfqﬂ_Alfq)* (13)
ailfq+l = (X' - Akq )/( Alfq+l - Akq ) (14)

The belief rules activated at varying degree are discounted according to wi and ¢, and

then the consequent structure of the discounted belief rule can be fused by evidence
reasoning theory. The fusion result can be calculated as

o(X)={(Fj.8;).i=12.8}, (15)

which
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U|:ll[(wkﬂj,k+1_wkzN:ﬁ,kj_ ; (1—vkaN:ﬂ,kH

k=1 i=1 k=1 i=1

1—{]1[(1—\/\&)

pi=

u {ZN:ll[[wkﬂj,k +1—M§;ﬁj,kj—(N _1)1:!(1_\/\&2@*]]-1.

j=1 k=1

Figure2 Theblock diagram of fault diagnosis model

acquire n fault feature information from
mul ti source sensing mechanism (c¢y,Cp,***,C,)

cal culate the mean impact value of c;-c, on the
fault result using the advantages of data-driven
method

C1-C, Is reduced and weighted, and the
referential values of antecedent attributesin the
belief rules is set accordingly

A 4

the referential val ues of consequent attributes
in the belief rules is set by one-hot encoding

v

congtruct initial belief rule R, based on expert
knowledge and historical data

'

get the matchi ng degree between the input
quantity and the reference value, and calculate
the weight of the activated rule

using evidential reasoning rulesto fuse rules
activated by input sample vectors and diagnose
fault types of rotating machinery

determi ne the training parameter set
of optimization objective function

the rotating machinery fault i s diagnosed
according to the optimal parameter set, and the
probability of potential fault is given

(16)

17
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6
From (15), Z Bi =1(0< g; <1), B represents the support degree of fusion result to
j=1
fault type Fj. If MAX(4, B ..., B, ...s) = £, which means that the probability of
rotating machinery fault F; isthe highest, and the diagnosis result is F = Fj.

3.3 Model optimisation

Because of the complex interna mechanism of rotating machinery equipment, it is
difficult for experts to determine the exact values of all parameters in the fault diagnosis
model. Therefore, it is necessary to fine-tune the initial parameters to improve the
accuracy of the model. However, the fusion result of the confidence rule base is the
probability of various fault types, which cannot be directly used to calculate the deviation
between the diagnosis result and the rea value. Therefore, the fault types are coded as
one-hot encoding, which extends the discrete attribute features to Euclidean space. The
fault coding of rotating machinery isshown in Table 1.

The Euclidean distance between the system output and the actual output is taken as
the objective function of parameter optimisation:

| 0.5
f(P)= {%Z[”Ture_ F(t)- Estimated _F (t)||2]2} . (18)

t=1

From (18), Estimated F(t) is the output diagnosis result of the t" group input data.
Ture F(t) is the one-hot encoding of the actua fault type of the t group input data. |
represents the group number of sample data; P represents the optimisation parameters set
(rule weight &, consequent confidence Sy, attribute weight &), and the constraint

6
conditionis 0< (k<1,0<0k<10< Bik<l Y Bik=1,
j=1

Tablel Fault type and code

Number Fault types Code

F6 Normal operation 100000
F5 Rotor unbalance 010000
F4 Rotor misalignment 001000
F3 Pedestal |ooseness 000100
F2 Connector looseness 000010
F1 Gear tooth missing 000001

4 Experimental test

4.1 Problemdescription

In this paper, a basic motor rotor in rotating machinery is taken as an example to verify
the effectiveness of the proposed method by using ZHS-2 multi-functional motor flexible
rotor system. In different directions of the rotor support part of the experimental platform,
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size frequency-domain vibration acceleration sensors are installed to sense the fault state
of the motor rotor. In order to avoid mutual interference of multiple sensors in space, we
only install 1-2 sensors at atime to collect vibration data, as shown in Figure 3. Figure 3
shows two acceleration vibration sensors installed in the horizontal and vertical directions
of the support frame. The other three acceleration vibration sensors are installed in
different directions on the motor bracket in turn. Because different motor rotor fault types
will cause the vibration amplitude variation of multi-frequency components, the
amplitude variation in the frequency domain of 1X~3X multiple frequency is obtained as
the model input. When the motor speed is set to 1,500 r/m, then the fundamental
frequency 1 X is 25 Hz, and the n multiple frequency nX(n =1, 2, 3, ...) is (n x 25) Hz.
For each rotor fault type, 15 fault features (¢, Co, ..., Ci15) of 1X~3X multiple frequency
are obtained from five vibration sensors , and 210 sets of sample data are collected in
experimental test (100 sets of data are used for model training, 110 sets of data are used
for model testing).

Figure3 Experimental platform of motor rotor system

...... i computer speed sensor
vibration

B(“ aog(yn sensor

- — vibration
| power supply an k-m HG8902 acceleration sensor |
controller data collection box § »

4.2 Reduced weighted feature based on M1V

The simulation results are obtained under the following simulation conditions. the
maximum iteration number of the network is set to 2,000, the minimum target error is
1.0*eS, and the increment is 0.1. Based on the trained BP neural network, the mean
influence value of ¢;—c15 fault features are calculated by MIV algorithm. According to the
above MIV of fault features, the high sensitive region of fault features can be obtained,
which means that the selected fault features can better characterise the fault diagnosis
information. The high sensitive region is shown in Figure 4.

The fault feature c;, ¢s and ci3 are selected as the high impact factor in the high
sensitive region, and their MIV is calculated as 1.1143, 0.6876 and 0.4902 respectively.
Then from equation (7), the relative weights of the selected fault features are obtained as
0.4057, 0.2504 and 0.1785.
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Figure4 TheMIV of thefault feature ci—Cis
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Figure5 The corresponding trend between cs, s, €13 and 6 fault types (see online version
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4.3 Construction of initial belief rule base

The 600 sets sample data of the selected fault feature cs, ¢s and c13 are collected by motor
flexible rotor system. The nonlinear relationship between the selected fault features and
fault diagnosis typesis shown in Figure 5. It is obvious that the fault features selected by
the MIV agorithm can more accurately characterise the occurrence trend of six fault
types.

Our primary mission is to set the referential values of antecedent and consequent
attributes in the belief rules. According to the sample information of fault feature data, we
set 5 antecedent referential value for cs, Cs, Cis, namely, positive very small (VS), positive
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small (PS), positive medium (PM), positive large (PL) and positive very large (VL) with
their values as follows:

e AF{0.0942(VS), 0.1187 (PS), 0.1851 (PM), 0.1959(ML), 0.2051(VL)}.
e AK{0.0776(VS), 0.0861(PS), 0.1717 (PM), 0.1814(ML), 0.2062(VL)}.
e AS{0.0715(VS), 0.0806 (PS), 0.1338 (PM),0.1859(ML), 0.2262 (VL)}.

For the consequent attribute of the fault diagnosis type, one-hot encoding is used to
describe the consequent attribute. The belief rules can be expressed as Re: if X1 = A¢ and

Xe= Af and Xa= A, then Yis {(D1, ) (D, fis N}, whereN =6, 3" 5, =1,

k=1, 2..., 125. Theinitial value of weight 6k for each ruleis set to 1, and the initial value
of attribute weight is set to & = 0.4057, & = 0.2504, & = 0.1758 in Section 4.2. Table 2
liststhe partial rulesin the initial BRB.

After the initial BRB is constructed based on expert knowledge and historical data,
the detailed fault diagnosis process is as follows:

Sep 1 Calculate the matching degree of the input

The 600 sets sample data of fault feature c;, ¢s and ci13 are taken as BRB input, and the
matching degree of each set sample data for A¢, A5 and A¥ is calculated by equations

(13) and (14). For example, when the 118th set of fault feature datais input, and the input
variable is X = [0.0776, 0.0855, 0.1380], then the matching degree of X1(0.0776) to
reference point (PS, PM) are calculated as 0.4478 and 0.5522, and the matching degree of
X2(0.0855) to reference point (PM, ML) are calculated as 0.8773 and 0.1227, and the
matching degree of X3(0.1380) to reference point (PS, PM) are calculated as 0.5585 and
0.4415, and the matching degree for other reference pointsis 0.

The 600 sets sample data of fault feature cs, ¢s and c¢i13 are taken as BRB input, and
the matching degree of each set sample data for A<, A and AX is calculated by

equations (13) and (14). For example when the 118th set of fault feature data isinput, and
the input variable is X = [0.0776, 0.0855, 0.1380], then the matching degree of
X1(0.0776) to reference point (PS, PM) are calculated as 0.4478 and 0.5522, and the
matching degree of X»(0.0855) to reference point (PM, ML) are calculated as 0.8773 and
0.1227, and the matching degree of X3(0.1380) to reference point (PS, PM) are calculated
as 0.5585 and 0.4415, and the matching degree for other reference pointsis O.

Table?2 Partial rulesin theinitial BRB

No & X1 and Xz and X3 Y

B B B B B B
1 1.0 VSandVSand VS 0 0 0 0 0.02 0.98
25 1.0 VSand VL and ML 0 0 0 0.28 0.72 0
50 1.0 PM and VL and VS 0 0 0.25 0.75 0 0
100 1.0 PM and PSand VL 0 0 0.89 0.11 0 0
125 1.0 VL and VL and VL 0.68 0.32 0 0 0 0
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Sep 2 Calculates the weight of the activated belief rule

After the matching degree o of the input to the reference point in each rule is obtained,
these matching degrees are substituted into equations (11) and (12) to get the activation
weights for total 125 rulesin Table 2 in which eight rules are activated with No = 37, 38,
42, 43, 62, 63, 67, 68. The corresponding weights are ws; = 0.2195, wsg = 0.1734,
Wz = 0.0307, wiaz = 0.0243, we; = 0.2706, wes = 0.2139, wez = 0.0378, weg = 0.0299
respectively. That isto say, the activation weights of other rulesare all 0.

Sep 3 Fuse those activated belief rule base on evidence reasoning

The above activated rules are fused by evidence reasoning method, and the structure of
the fused consequent is

o(X)={(Fj.4).i=12,6]

where, F; and 4 can be calculated by equations (16) and (17) respectively. For example,
the wi and 3« of the 118th set fault feature data are substituted into eguation (15) to get
O(X) ={(F1, 0), (F2, 0), (Fs, 0), (F4, 0.0073), (Fs, 0.7968), (Fs, 0.1959)} .

Sep 4 Diagnosis fault result of the motor rotor

According to the above fusion result in step3, the fault type corresponding to the
maximum belief degree value is the diagnosis fault result. For example, for the 118th set
fault feature data, the corresponding fault diagnosis result is rotor unbalance
(S = 0.7968), and the potential fault type is normal operation (5 = 0.1959). Finaly, the
Euclidean distance error (A = 0.2032) based on the one-hot encoding is calculated by
equation (18).

Table3 The diagnosis results of theinitial belief rule base

Fault diagnosis result

F6 F5 F4 F3 F2 F1 Total 'ﬂ?g&%ﬁ;‘:
Fault F6 78 8 3 0 0 11 100 78%
e g5 10 88 2 0 0 0 100 88%
FA 0 6 8 8 6 0 100 80%
3 0 0 5 o1 4 100 91%
2 0 0 0 5 86 9 100 86%
FIL 10 0 0 3 7 80 100 80%

600 sets of c;, ¢ and ci13 data samples are input into the initial belief rule base, and the
diagnosis results are shown in Table 3. The diagnostic accuracy of the proposed method
for six fault types is 78%, 88%, 80%, 91%, 86% and 80% respectively, and the overal
diagnostic accuracy is 83.83%. At the same time, in order to verify the discrete degree of
this method, 50 sets of sample data are randomly selected as one group, a total of 12
groups. The root mean square error (RMSE) between the diagnosis results of 12 groups
data and the real fault type is calculated as 0.4572. The results show that the discrete
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degree of the method is smaller, the belief of the diagnosis is more concentrated, and the
fault features selected by MIV can better characterise the fault type.

4.4 Optimisation of the initial belief rule base

Due to the subjective uncertainty of expert knowledge, it is necessary to optimise the
initial BRB model with a large number of training data according to the proposed
optimisation algorithm in Section 3.3. The detailed steps are as follows:

Step 1 The RMSE between the one-hot encoding of the actual fault type and the output
estimated results of the initial BRB is calculated as follows
1 & , 05
P)=:—x Ture_F(t)—Estimated F(t .
&P {600 Z[ _F(@®) _ ()1}
Step2  When {P) isthe minimum value, the optimal parameter set P is found by the
above objective function in step 1. The constraint conditions are
6
0<<1,0<0k<10< Bik<land) Bik=1(k=12..125). In this paper,
j=1
600 sets of sample data are used to train the BRB model by random gradient
descent method. When &P) < 0.0016, the optimal parameter set P is obtained.
Partial belief rules are shown in Table 4.
Table4 Partial rules of the optimised BRB
Y
No & X1 and X2 and X3
i )2 B fa B Bs
1 0.80 VSandVSand VS 0 0 0 0 0.02 0.98
25 0.91 VSand VL and ML 0 0 0 0.18 0.82 0
50 0.55 PM and VL and VS 0 0 0.25 0.75 0 0
100 1.00 PM and PSand VL 0 0 0.55 0.45 0 0
125 0.70 VL and VL and VL 0.87 0.13 0 0 0 0
Table5 Diagnostic results of the optimised BRB
Fault diagnosis result
F6 F5 FA F3 F2 F1  Tota Diagnosiic
accuracy
Fault F6 91 2 2 0 0 5 100 91%
type F5 2 95 3 0 0 100 95%
F4 0 4 93 3 0 0 100 93%
F3 0 0 2 98 0 0 100 98%
F2 0 0 1 97 2 100 97%
F1 4 0 0 3 3 90 100 90%
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The fault diagnosis results of motor rotor by optimised BRB are shown in Table 5. The
diagnostic accuracy of six fault types is 91%, 95%, 93%, 98%, 97% and 90%
respectively, and the total fault diagnostic accuracy can reach 94%, which is significantly
higher than the diagnostic accuracy before optimisation. The RMSE comparison of the
fault diagnosis results of the initiadl BRB and the optimised BRB is shown in Figure 6.
The RMSE of the optimised BRB can reach 0.2457, and the comparison shows that the
optimised BRB can effectively reduce the discrete degree of fault diagnosis and improve
the accuracy of diagnosis.

Figure6 The RMSE of theinitial BRB and the optimised BRB
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>
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Table6 Test diagnosis results
Fault diagnosis result
Diagnostic
F6 F5 F4 F3 F2 F1 Total accuracy
Fault F6 929 2 3 0 6 110 90.00%
ype  pg 3 103 2 0 0 110 93.63%
F4 0 4 101 5 0 0 110 91.82%
F3 0 1 2 105 2 0 110 95.45%
F2 0 0 0 4 103 3 110 93.64%
F1 6 0 0 3 4 97 110 88.18%
45 Testing

In order to test the optimised BRB model, we uniformly collect 110 times data (110 x 6 =
660 sets samples) to make experiments and calculate the RM SE of diagnosis result using
the proposed BRB model. Table 6 shows the confusion matrix between the real fault
types of the test samples and the diagnostic fault types. The total fault diagnostic
accuracy of motor rotor faults can reach 92.12%, and the RMSE of diagnosis result is
0.2841.
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5 Conclusions

This paper proposes a novel rotating machinery fault diagnosis method based on
data-driven and expert knowledge, which combines the fault feature extraction ability of
data driven method with the uncertainty information processing ability of expert
knowledge method. Then, the stability and accuracy of the model are verified and tested
in experiments. The rotating machinery fault diagnosis model given in this paper has the
following advantages:

1 Aiming at random spatial interference of single information source, multi-source
information sensing mechanism is designed in this paper, which can effectively
reduce the uncertainty of fault diagnosis results.

2 Important fault feature information is extracted by data-driven neural network
algorithm, which avoids the large cal culation burden and poor real-time diagnostic
performance caused by using all multi-source fault information for modelling.

3 The subjective expert knowledge and objective monitoring data are fused through the
belief rule-based (BRB) inference method, and the uncertain reasoning of the fusion
processis carried out by using the ER algorithm. The diagnosis results cannot only
judge the current fault type, but also give the probability of potential faults, which
can be used to guide the inspection and maintenance of hidden faults of rotating
machinery.

At the same time, it is worth noting that, there may be some problems should be studied
in the future for improving the diagnosis method performance, for examples

1 Thismethod isonly an aternative method for diagnose accurately the rotating
machinery fault, state estimation may be another good idea for dealing with random
disturbance.

2 Theinfluence of nonlinearity of sample size on fault diagnosis model further study.
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