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The fault prediction and abductive fault diagnosis of three-phase induction motors are of great importance for improving their working
safety, reliability, and economy; however, it is difficult to succeed in solving these issues. This paper proposes a fault analysis method of
motors based on modified fuzzy reasoning spiking neural P systems with real numbers (rMFRSNPSs) for fault prediction and abductive
fault diagnosis. To achieve this goal, fault fuzzy production rules of three-phase induction motors are first proposed. Then, the IMFRSNPS
is presented to model the rules, which provides an intuitive way for modelling the motors. Moreover, to realize the parallel data computing
and information reasoning in the fault prediction and diagnosis process, three reasoning algorithms for the IMFRSNPS are proposed: the
pulse value reasoning algorithm, the forward fault prediction reasoning algorithm, and the backward abductive fault diagnosis reasoning
algorithm. Finally, some case studies are given, in order to verify the feasibility and effectiveness of the proposed method.

1. Introduction

As an important part of industrial and agricultural productions,
the normal operation of three-phase induction motors plays a
pivotal role in economic benefits and security risks. For a motor,
any potential failure that cannot be predicted or detected in time
may produce damage on it, resulting in downtime with po-
tentially huge economic losses [1-4]. In addition, when a motor
has faults and is shut down, the first task is to perform abductive
fault diagnosis to find its failure causes, which can effectively
help the operation and maintenance personnels to locate faulty
parts quickly. Therefore, fault prediction and abductive fault
diagnosis are of great significance for improving the working
reliability and stability of motors [5].

The fault prediction of a motor is usually realized based on
an online monitoring system to detect the early failure
symptoms and trend parameters that can reflect hidden
troubles. Then, these symptoms and parameters are processed

by prediction algorithms to obtain early-warning information
and integrated decision making [6] to prevent motor failures.
For example, [7] diagnosed mechanical faults of motors by
vibration analysis, which was carried out through a noncontact
approach based on an optical computer mouse and a digital
signal processing device. Reference [8] proposed a two-stage
machine learning analysis architecture, where a recurrent
neural network-based variational autoencoder was proposed in
the first stage, and principal components analysis and linear
discriminant analysis techniques were applied in the second
stage. This architecture was useful to accurately predict the
motor fault modes only by using motor vibration time-domain
signals. In [9], a hybrid technique for bearing prognostics was
proposed, which utilized a regression-based adaptive predic-
tion model to find the evolution trend of bearing health indices.
However, so far, most fault prediction methods require a huge
number of historical data to perform the training and learning
processes of their predictive models.
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The abductive fault diagnosis of a motor consists in finding
failure causes from its fault phenomena and operation data, so
that a motor can be effectively repaired, thus reducing eco-
nomic losses [10]. In [11], an instantaneous frequency analysis
method based on abnormal sounds was proposed. However,
when the acoustic signals of a motor were mixed by other
acoustic signals (such as reflected signals and overlapped
signals), it was difficult to extract the features of bearing fault
information. In [12], a new current signature analysis-based
fault detector for motors based on a matched subspace tech-
nique was proposed. However, it was only effective for
detecting eccentricity faults, bearing faults, and broken rotor
bars. Reference [13] proposed a technique based on vibration
information to identify and classify different bearing failure
conditions. The setting and testing of parameters was strict and
difficult; for example, the accelerometer needs to be very close
to the motor, and the setting of accelerometer and data logger
should be the same. However, this method needed much
historical data with a complex computing process. In [14], an
intelligent fault diagnosis of three-phase induction motors
using a signal-based method was proposed and tested in dif-
ferent situations, in order to verify its availability in diagnosing
failures, even when the operating mode data were limited.
However, the experimental results showed that it was only
suitable for the diagnosis of broken bars and bearing failure.

The aforementioned methods have their own advantages
with the same disadvantages implying that they mainly focus
on the diagnosis of a single fault, such as the rotor bar breaking
or the stator short circuit. Thus, they cannot effectively diag-
nose multiple faults, not achieving the requirement of per-
forming an overall fault analysis of the whole machine.

Therefore, how to improve the abovementioned fault pre-
diction and abductive fault diagnosis methods or put forward
new ones is the main issue in the corresponding engineering
domain for the motors. On the other hand, with the rapid
development of artificial intelligence technology, intelligent
analysis and diagnosis methods are gradually developed, such as
expert systems (ESs) [15], artificial neural networks (ANNs)
[16-20], Petri nets (PNs) [21-23], tissue P systems (TPSs)
[24-26], and spiking neural P systems (SNPSs) [27-34]. Spe-
cifically, SNPS is a novel high-performance bioinspired dis-
tributed parallel computing model with powerful information
processing ability. It is a special kind of neural-like P system [29]
inspired by the topological structure of biological neural net-
works and the way that biological neurons store, transmit, and
exchange messages, i.e., by sending electrical impulses (spikes)
along axons in a distributed and parallel manner [30-32].

The SNPS-based fault diagnosis methods (for example, the
ones for power systems) are derived from the similarities be-
tween the pulse transmission between neurons via synapses and
the fault propagation in power systems. Accordingly, the basic
mechanism to address fault diagnosis based on SNPSs is to find
faulty sections by dealing with the uncertainty [35] of fault alarm
information. In general, the input neurons of an SNPS corre-
spond to protective devices (including protective relays and
circuit breakers), and the output neurons are associated with
suspicious fault sections. Thus, the pulse values of input neurons
represent the action information of protective devices, that is, the
actual tripping information from the supervisory control and
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data acquisition system or the action confidence levels repre-
sented by fuzzy numbers [36]. On the other hand, the pulse
values of output neurons express the trip information o fault
confidence levels of the suspicious sections. When the fault
reasoning is finished, faulty sections are finally determined based
on the fault confidence levels according to criterion rules.

Because of the high requirement of fault diagnosis methods
for processing fault information, the SNPS-based diagnosis
methods have become a hot research topic with rich research
results [27-29, 33, 34]. However, up to now, the relevant re-
search work is mainly focused on the fault diagnosis of power
systems. Besides, the existing work mainly studies the postevent
diagnosis problems. Therefore, to give full play to the excellent
information processing ability and computing power of SNPSs,
it is of great importance to expand their scope to different
application fields, as well as extend the applications from the
postante ones to new ex-ante analysis and prediction
frameworks.

Therefore, this paper moves forward in this widening of the
scope of SNPSs. More specifically, the work proposes a fault
analysis method based on modified fuzzy reasoning spiking
neural P systems with real numbers (rMFRSNPSs) for three-
phase induction motors. As an important part of this new
method presented here, the forward fault prediction reasoning
algorithm (FFPRA) and the backward abductive fault diagnosis
reasoning algorithm (BAFDRA) are proposed. The main
contributions of this paper are described as follows:

(1) Based on the existing variants of SNPSs, we propose a
modified fuzzy reasoning spiking neural P system with
real numbers by simplifying previously existing ones.
In order to enable the rMFRSNPSs to achieve fault
prediction and abductive diagnosis, three algorithms
are proposed, i.e., the pulse value reasoning algorithm
(PVRA), the FFPRA, and the BAFDRA, respectively.

(2) Fault fuzzy production rules for motors are presented
to obtain the relationships between failure symptoms
and different faults. Moreover, the rMFRSNPS-based
model for a motor is built via modelling the pro-
duction rules, which is the basis for the fault analysis
from the point of view of a whole machine.

(3) Firstly, the SNPS is introduced to solve the fault di-
agnosis of motors, including forward fault prediction
and backward abductive fault diagnosis. In addition,
we also extend its application from the postante di-
agnosis to a new ex-ante prediction framework. The
new framework not only can take full advantages of the
SNPS for the fault prediction with potential fault paths
and their occurrence probabilities in an ex-ante pre-
diction problem but also can effectively find failure
causes with abductive reasoning paths and their
probabilities in a postante fault diagnosis problem.

2. The rMFRSNPS-Based Fault
Model for Motors

In this section, we first present the rMFRSNPS and then
propose fault fuzzy production rules of motors. Finally, the
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rMFRSNPS is employed to model the rules to propose a
universal rIMFRSNPS-based fault analysis model.

2.1. Modified Fuzzy Reasoning Spiking Neural P Systems with
Real Numbers

Definition 1. A modified fuzzy reasoning spiking neural P
system with real numbers (rMFRSNPS, for short) of degree
m=>1 is a tuple

H:(O>‘71>~~

, 0, SYN, in, out), (1)

where

(1) O = {a} is a singleton alphabet (a is called a spike, O
is a set of spikes).

(2) Q =Q,UQ, isaneuron set, where Q,, = {or,...,0,}
is  the  proposition  neuron  set and
Q, ={041,...,0,,} is the rule neuron set, being
s+t = m. Each proposition neuron o; is of the form
(o, A;,7;), 1<i<s, where

(a) @; is a real number in [0, 1] representing the
potential value of spikes (i.e., value of electrical
impulses) contained in o;.

(b) A; is a real number in (0, 1) representing the
firing threshold of o;.

(c) r; represents a firing (spiking) rule of proposition
neuron o; with the form E/a® — a?, where a and
0 are real numbers in [0, 1], and E = {a"Aa >} is
the firing condition. The firing rule r; of 0; can be
applied if and only if o; receives, at least, n spikes
and the potential value of spikes satisfies that a > A;.
By applying rule r;, o; will consume (remove) a
spike with pulse value « and then not only produce
(emit) a new spike with pulse value 6 but also
transmit it to its postsynaptic neurons.

Each rule neuron o, is of the form
(6j,cj,A]-,rj), 1< j<t, where

(a) 8]- is a real number in [0, 1] representing the
potential value of spikes (i.e., value of electrical
impulses) contained in o, ;.

) ¢ jisa real number in [0, 1] representing the truth
value of o, ;.

(c) A; is a real number in (0, 1) representing the
firing threshold of o, ;.

(d) r;j represents a firing (spiking) rule of o, +] with
the form E/a® — aP, where & and f are real
numbers in [0, 1], and E = {a”/\ﬁz/\j} is the
firing condition. The firing rule r; of o, ; can be
applied if and only if o, ; receives, at least, n
spikes and the potential value of spikes satisfies
that § > ;. By applying rule r;, o, ; will consume
(remove) a spike with pulse value ¢ and then not
only produce (emit) a new spike with pulse value
B but also transmit it to its postsynaptic neurons.

(3) sync{l,...,m} x{1,...,m} with (i,i) ¢ syn for
1<i<m, is a directed graph of synapses between
linked neurons.

(4) inc{1,...,m}andout £{1,...,m} represent the sets
of input and output neurons of [], respectively.

Fuzzy production rules can be modelled in the frame-
work of rMFRSNPSs. Let us recall that there are, basically,
three types of fuzzy production rules [33].

(a) GENERAL rule, whose format is
R, (CF = ¢;): IF p, (a;) THEN p, («,), where p, is an
antecedent proposition and p, is a consequent
proposition

(b) Compound AND rule, whose format is
R(CF=c): IF p,(a;) AND...AND p, (e ;)
THEN p; (ay), where p,,...,p;_; are antecedent

propositions, p; is a consequent proposition, and
k>3

(c) Compound OR rule, whose format is

R;(CF =¢;): IF p; (&;) OR...OR py_; (et,_;) THEN
Pi (), where py, ..., p,_, are antecedent proposi-
tions, py is a consequent proposition, and k>3

In fact, there exists another type of rule whose format is
R,(CF =c,): IF p, (a;) THEN p, (ar,) AND. ..AND p, (at,),
where p, is an antecedent proposition and p,,..., p; are
consequent propositions, with k> 3. However, this kind of
rules can be considered as a particular case of a composition
of k =1 GENERAL rules.

In order to model fuzzy production rules by means of
rMFRSNPSs, a proposition neuron in an rMFRSNPS is
associated with a proposition in the fuzzy production rules.
Such neurons will be represented by a circle. If a proposition
neuron o; = (a;,A;,7;) is an input neuron, then its initial
potential value a; represents the information that o; has
received from the environment.

A general rule neuron in an rMFRSNPS consists of only
one presynaptic proposition neuron and one or more
postsynaptic proposition neurons. Therefore, in a natural
manner, a general rule neuron can be associated with a
general rule, that is, with a fuzzy production rule which has
only one proposition on its antecedent part. An and rule
neuron in an rMFRSNPS consists of, at least, two pre-
synaptic proposition neurons with an AND relationship
among them and only one postsynaptic proposition neu-
ron. Thus, in a straightforward way, an and rule neuron can be
associated with each compound AND fuzzy production rule.
Finally, an or rule neuron in an rMFRSNPS consists of, at least,
two presynaptic proposition neurons with an OR relationship
among them and only one postsynaptic proposition neuron.
According to the previous comments, an or rule neuron can be
associated with each compound OR fuzzy production rule.
These rule neurons are represented by a rectangle, and they are
graphically illustrated in Figure 1.

2.2. Fault Fuzzy Production Rules for Motors. In this paper,
the possible failures in a motor include electrical faults and
mechanical ones. The first class includes failures such as the
excessive current in a phase, the excessive excitation current, a
phase voltage loss, the phase-absent operation, the three-phase



current asymmetry, and the insulation winding burned down.
The second class contains failures such as the bearing ex-
pansion by heat, the excessive wear of bearing, the excessive
vibration of motor in operation, the abnormal noise, the rotor
stuck or stopped rotating, and the motor sweeping. According
to the principle of motor failures [23, 37-41] and the fault
simulation model in Figure 2, fault fuzzy production rules of
motors are obtained as follows, where events corresponding to
the propositions in the rules are shown in Table 1.

Rule 1 (¢;): IF p; OR p, occurs, THEN p;; occurs

Rule 2 (¢,): IF p, AND p;5 occur, THEN p;g occurs

Rule 3 (¢3): IF p3 occurs, THEN p;4 occurs

Rule 4 (¢4): IF py occurs, THEN p,, occurs

Rule 5 (¢5): IF ps occurs, THEN p,; occurs

Rule 6 (c6): IF ps OR p; occurs, THEN p,, occurs

Rule 7 (¢;): IF p8 occurs, THEN p,3 occurs

Rule 8 (cg): IF pg occurs, THEN p,, occurs

Rule 9 (¢o): IF pg OR p1o occurs, THEN p,s occurs

Rule 10 (¢10): IF p1o OR py; occurs, THEN py6 occurs

Rule 11 (¢11): IF p1; OR py3 occurs, THEN p,; occurs

Rule 12 (cy): IF py14 occurs, THEN p,g occurs

Rule 13 (¢13): IF py5 AND pyg occur, THEN p,q occurs

Rule 14 (C14): IF p17 OR P18 OR p19 occurs, THEN p30
occurs

Rule 15 (¢;5): IF pyo occurs, THEN ps3; occurs
Rule 16 (¢16): IF py; occurs, THEN ps, occurs
Rule 17 (¢17): IF p,, occurs, THEN ps3 occurs
Rule 18 (¢18): IF py OR py3 occurs, THEN psy occurs
Rule 19 (¢19): IF poq occurs, THEN ps5 occurs
Rule 20 (cy0): IF p,s occurs, THEN ps6 occurs
Rule 21 (cp): IF pyg occurs, THEN ps; occurs
Rule 22 (¢5,): IF p,7 occurs, THEN psg occurs
Rule 23 (¢53): IF p,g occurs, THEN psg occurs
Rule 24 (c,4): IF pag occurs, THEN pyy occurs

Rule 25 (625)2 IF P3o OR P31 OR P32 OR 033 OCCUrs,
THEN pg4; occurs

Rule 26 (c36): IF p34 OR ps5 occurs, THEN py4, occurs
Rule 27 (¢57): IF ps¢ occurs, THEN p43 occurs
Rule 28 (cyg): IF p3; OR psg occurs, THEN pyy occurs
Rule 29 (c39): IF p39 OR pyo occurs, THEN pys occurs
Rule 30 (c30): IF pyy occurs, THEN pys occurs
Rule 31 (c31): IF pyr OR pys occurs, THEN p4; occurs
Rule 32 (¢35): IF paq occurs, THEN pyg occurs
Rule 33 (¢33): IF pys occurs, THEN py9 occurs

Rule 34 (C34): IF p46 OR p47 OR p48 OR p49 occurs,
THEN pso occurs
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2.3. The rMFRSNPS-Based Model for a Motor. This section
models the fault fuzzy production rules proposed in Section 2.2
and builds a universal rMFRSNPS-based fault analysis model
for three-phase induction motors, as shown in Figure 3. The
designed rMFRSNPS is of degree m =84 and specifically
contains s = 50 proposition neurons and ¢ = 34 rule neurons.

3. Fault Analysis Method Based on rMFRSNPSs

This section proposes a fault analysis method based on
rMFRSNPSs for three-phase induction motors, whose
flowchart is shown in Figure 4, where 0= (0, ...,0)/,. The
proposed method includes two parts, one is for fault
prediction before fault occurrence while the other one is
for abductive diagnosis reasoning after failures. Moreover,
a diagrammatic sketch of the application scenario for the
proposed method is shown in Figure 5, where red circles
represent the already happened events while blue circles
express the not occurred ones. The status of a motor is
monitored in real time. When the motor has fault
symptoms or faults, relevant state data will be transmitted
to the fault analysis center, where our method will be used
to handle the events.

Specifically, in this proposed method, the PVRA
(Algorithm 1) is proposed to get the potential value of
spikes in neurons using historical data and expertise.
When a motor has no faults, but is accompanied by fault
symptoms, the FFPRA (Algorithm 2) is employed to
predict propagation paths with occurrence probabilities.
When a motor fails, the fault positions (corresponding to
neurons with fault pulses) are found according to failure
phenomena, and then, failure causes with probabilities are
obtained according to the BAFDRA (Algorithm 3). Thus,
the maintenance efliciency can be improved accordingly
to check the motor on the basis of results got by the
prediction reasoning or abductive reasoning. Note that
the historical data include fault probabilities of fault
events (Algorithms 1-3), certainty factors of fault pro-
duction rules (Algorithms 1 and 2), and the tightness
degree between related fault events (Algorithm 3).

Next, we describe Algorithms 1-3 in detail as follows.

3.1. Pulse Value Reasoning Algorithm. To explain this al-
gorithm, we introduce its vectors, matrices, and operators as
follows (PN denotes proposition neuron and RN denotes rule
neuron):

1) a= (ocl,...,ocS)T is a pulse value vector of PNs,
where o; (i = 1,...,s) represents the pulse value of
the i-th PN o;. If a PN has not any pulse, then its
pulse value is 0.

(2) 6 = (4,,. ..,8t)T is a pulse value vector of RN,

where §;(j =1,...,1) is the pulse value of the j-th
RN o, ;. If an RN has not any pulse, then its pulse
value is 0.
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FIGURE 1: rMFRSNPS-based models for fuzzy fault production rules. (a) GENERAL rule; (b) compound AND rule; and (c) compound OR rule.

B3N, = (/\pl, . ,/\ps)T is a firing threshold vector of
PNs.

4) A, = (/1,1, . ,/lrt)T is a firing threshold vector of
RNs.

(5) C =diag(cy,...,c,) is a diagonal matrix of truth
values of RNs, where c;(j=1...,t) is the truth
value of the j-th RN ¢

(6) Dy = (d;;)x is a synaptic matrix, which represents
the directed synaptic connections from PNs to general
RNs. If there is a synapse from the PN o; to the general
RN Ogijo then d,»j= 1; otherwise, d,j=0.

(7) Dy, = (d;j)x is a synaptic matrix, which represents
the directed synaptic connections from PNs to and
RNs. If there is a synapse from the PN ¢; to the and
RN oy, ;, then d;;=1; otherwise, d;;=0.

(8) Dy = (d;;), is a synaptic matrix, which represents
the directed synaptic connections from PNs to or
RNs. If there is a synapse from the PN og; to the or
RN oy, , then d;;=1; otherwise, d;;=0.

(9) Dy = (d}i)xs is a synaptic matrix, which represents
the directed synaptic connections from RNs to PN.
If there is a synapse from the RN o, ; to the PN 0},
then dj; = 1; otherwise, d;;=0.

(10) 0 = (0,. ..,O)tTX1 is null vector.

A1) D" xa= (d,,...,d,)", where Ej =djj X+t
dgjxa, 1<j<t.

(12) DT -a= (d,,....d,)", where % = min{dlj X o+
cetdgg X, 1< <t

s+j*

(13) Do = (d,,... ,Ht)T, where 3]- = max{dlj X o+
cetdgXagd, 1<j<t.

3.2. Forward Fault Prediction Reasoning Algorithm. To ex-
plain this algorithm, we introduce its vectors, matrices, and
operators as follows:

(1) N? is the number vector of PNs where pulses are
located. If a PN contains a pulse, then the number of
the neuron in which the pulse occurs is numbered as
1; otherwise, it is 0.

(2) N7 is the number vector of RNs where pulses are located. If
an RN contains a pulse, the number of the neuron in which
the pulse occurs is numbered as 1; otherwise, it is 0.

(3) AAB = (cj)np Where A = (aj) .y B = (bpy) 1
and ¢;; = max{a;by}, 1<i<x,1<k<y.

(4) AVB = (Cil)xxl’ where A = (aik)xxy’B = (bkl)yxl' If
Y1 agxbi <2, then ¢; =0, otherwise ¢; =
L1<i<x, 1<k<y.

(5) A®B = (Cij)ny’ where A = (aij)xxy’ B= (bil)xxl’
and ¢;; = a;;b;;, 1<i<x,1<j<y.

(6) A®B = (Cij)x S Whel‘e A = (aij)xxy, B= (bij)xxy’
and ¢;; = maxy{aij,bij}, 1<i<x,1<j<y.

(7) A@ B = (Cij)xxy’ WhereA = (aij)xxy, B = (bij)xxy' If
a;j>b;, then ¢;=1 otherwise, ¢;=0,
1<i<x, 1<j<y.

Note that the vectors a, §, A;,A,, and 0, the matrices
D,,D,,D;,D,, and C, and the operators #,- and o in Al-
gorithm 2 are the same as the ones in Algorithm 1.
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FIGURE 2: Fault simulation model of a three-phase induction motor.

3.3. Backward Abductive Fault Diagnosis Reasoning
Algorithm. To improve the accuracy of backward
abductive reasoning, this paper integrates a fault
screening mechanism of the precise minimum cut set
(please see Definition 2) into the parallel reasoning ability
of SNPSs to propose the BAFDRA for the rMFRSNPS, i.e.,
Algorithm 3. The precise minimum cut set effectively
combines the abductive principle of top events in mini-
mum cut sets [42] with the screening mechanism, where,
in two adjacent fault events, a bottom event corresponds
to a fault or a fault symptom and a top event corresponds
to a fault. Moreover, the screening mechanism is used to
improve the abductive reasoning accuracy by eliminating
pulses contained in the minimum cut set whose danger
degree is lower than the dangerous threshold, where the
danger degree is used to access the fault risk of motors
[43].

Definition 2. A precise minimum cut set (PMCS) is a tuple
Q:(Qli"'>Ql)) ISZSS, (2)

where

1) Q-

(a) A general rule neuron has one presynaptic
proposition neuron (corresponding to a bot-
tom event) and one postsynaptic proposition
neuron (corresponding to a top event). For this
kind of rule neurons, the top event can be
triggered only by the bottom event; thus, the
MCS of the top event consists of the presyn-
aptic neuron.

(b) An or rule neuron has more than one presynaptic
proposition neurons (each of them corresponds
to a bottom event) and only one postsynaptic
proposition neuron (corresponding to a top
event). For this kind of rule neurons, the top
event can be triggered by any bottom event; thus,

.,Q are I minimum cut sets (MCSs), where

the MCS of the top event consists of any pre-
synaptic neuron. That is, if there are | bottom
events that can trigger the top event, then the top
event will have ] MCSs with each MCS consisting
of one presynaptic neuron corresponding to one
of the I bottom events.

(c) An and rule neuron has more than one pre-
synaptic proposition neuron (each of them
corresponds to a bottom event) and only one
postsynaptic  proposition neuron (corre-
sponding to a top event). For this kind of rule
neurons, the top event can only be triggered by
all bottom events at the same time, so that the
MCS of the top event consists of all the pre-
synaptic neurons. That is, if there are [ bottom
events that can trigger the top event, then the
top event will have only one MCS and it should
consist of all the presynaptic neurons corre-
sponding to the [ bottom events.

(2) Q, = {y(0), y(Qy) A}, 1< g<l1<i<sisthe g-th

MCS, where

(a) ¥(0;) is the danger degree of the i-th PN o,
defined as

y(0;) = w(o;) x o, (3)

where w(o;) is a weighted value in [0, 1] rep-
resenting the tightness degree between PN ¢; and
its postsynaptic neurons.

(b) y(Qg) is a danger degree of the g-th minimum
cut set, i.e, Qg which is defined as

y(Q,) = Hy(oj), 1<g<s. (4)

q
j=1

(c) Ay is a number in (0, 1) representing the danger
degree threshold of an MCS. When the danger
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TaBLE 1: The meaning of propositions in fuzzy fault production
rules.

Propositions Events
J2 Overload
2 Rotor winding short circuit
Ps The resistance value of a phase winding decreases
P4 Fuse melt fault
Ps Damage of shaft seal ring structure
Ps Oil sealing material overheating
p7 Excessive roughness value of the seal surface shaft
Ps Excessive temperature
Po Mechanical fault of the rotor winding

The motor centerline is inconsistent with the pump
P1o one
P Fault of the bearing locking device
P12 Rotor core deformation
P13 Fracture or shedding of magnetic slot wedges
Pia Dewelding at the joint of the winding and lead wire
P15 Connection box joint loosened
Pis Poor contact of the power control loop switch
P17 Decrease in rotational speed
Pis Excessive current in a phase
P1o Excessive excitation current
P20 A phase voltage loss
P2 Foreign matter enters the rotary shaft clearance
P2 The motor oil intake

Oxidation and decomposition of bearing

P2 lubricating oil
P2a Bearing expansion by heat
Pas Bearing generates additional load
P2 Rotor axial moves
P27 The iron core of the stator and rotor has an air gap
Pas Rotor winding open circuit
P29 Contact resistance value increases
P30 Motor overheating
P31 Phase-absent operation
P32 Abnormal rotation or the rotor is stuck
P33 Insulation aging
P3a Reduction of lubricant oil

Friction occurs between the crankshaft ring and
Pss shaft hole
Dse Excessive vibration of the motor in operation
P37 Excessive bearing noise
P3s Motor sweeping
P3o Three-phase current of the stator increases
Pao Increased pressure drop
Pa1 Three-phase current asymmetry
Paz Excessive wear of the bearing
Pa3 Irregular impact load
Paa Abnormal noise

Rotor rotation is weak or the rotor does not turn
Pas and hum
Pas Insulation winding burned down
D4y Motor axle holder
Pas Rotor stuck or stopped rotating
Py The motor appears local high heat
Pso The motor cannot work

degree of an MCS is greater than A, then the
MCS is called a PMCS and the PNs with pulse in
the PMCS form the fault paths, with the first PN
in each path being called the fault source.

Algorithm 3 is shown as follows:
To explain the algorithm, we introduce its vectors,
matrices, and operators as follows:

1) N, is the number vector of PNs where fault pulses
are located. If a PN contains a fault pulse, then the
number of the neuron is numbered as 1; otherwise, it
is 0.

(2) N, is the number vector of RNs where fault pulses
are located. If a rule neuron contains a fault pulse,
then the number of the neuron is numbered as 1;

otherwise, it is 0.

(3) Op = (le, e ,GPS)T is a fault pulse value vector of
PNs, where 0, (i=1,...,s) represents the pulse
value of the i-th PN ¢;. If a PN has not any pulse, then
its pulse value is 0.

(4)6,=(6,,... ,Grt)T is a fault pulse value vector of
RNs, where 6, (j=1,...,t) represents the pulse
value of the j—tH RN oy, ;. If a RN has not any pulse,
then its pulse value is 0.

(5) )Ly is a dangerous threshold of an MCS.

wy; (07) wy (o)) ... wy(ay)
(6) W= wy (0;) : is a
wg (o) ... wy (o) W (04) Joys

weight matrix, where the matrix elements represent
the tightness degree between adjacent PNs. If the
PNs o; and o) are connected, then wy (0;) is a
weighted value in [0, 1] representing the tightness
degree between o; and oy; otherwise, wy (0;) =0,
1<ik<s.

1 (07) Yi(oy) oo yi(oy)

7)Y, = Vi (o) : is a
s (05) s Vsk (Us) ce yss(as) sXs
danger degree matrix of PNs, where y; (0;) is a
number in [0, 1] representing the danger degree of
the event corresponding to the PN o; triggers the one
associated with the PN o, 1 <i,k <s.If ; can emit a
spike to oy, then y; (0;) is obtained via (3); other-
wise, ¥ (0;) =0.

Note that the vectors X,,A,,a,8, and 0, the matrices
D,,D,,D;, and D,, and the operators ® &, and A in Al-
gorithm 3 are the same as the ones in the Algorithms 1 and 2.
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4. Case Studies

In this section, several cases about possible faults on a motor
are considered, in order to show the feasibility and validity of
our proposed method. Note that the initial pulse values of
input neurons in Algorithms 1 and 2 are the occurrence

probabilities of fault symptoms obtained based on historical
data and expertise. Since Algorithm 3 is used to find fault
causes and fault sources after a motor fails, its initial pulse
values are the event probabilities obtained by Algorithm 1,
including the occurrence probabilities of both the fault
symptoms and failures.
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Backward abductive diagnosis
- . reasoning
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orward( giedli }110n Sasonmg (Algorithm 3)
gorithm v v
Determine the number of each neuron with fault
Monitor fault symptoms on-line pulses(Nj)
h 4 '
Set the initialization reasoning step |
Discover faulty symptoms k=1 -
Y Proposition and rul fi
Determine the number of each neuron with roposttion and rule neurons fire
fault pulses(N{) *
Backward abductive diagnosis
reasoning of fault pulses k=k+1
Setthe initialization ; 4
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Precise
danger degrees .
f proposition ntmum
y o'P cut set
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A + e
v Update the number s of proposition
Forward predictionreasoning neurons
of pulse values *
Compute fault pulses
No
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Output potential fault paths and their Output failure causes, paths of abductive
occurrence probabilities reasoning and theirprobabilities
FIGURE 4: Fault reasoning flow chart based on rMFRSNPSs.
4.1. Pulse Value Reasoning of Neurons. The initial pulse  vectors of proposition neurons and rule neurons are a, =
value of input neurons and truth value of rule neurons (0.8,0.6,0.9,0.92,0.8,0.9,0.62,0.82, OIS)T, &y = (OIS)T,
are obtained via historical data and expert experience  respectively.
[23]. The truth value diagonal matrix of RNs is

Here, we take the “insulation winding burned down” as
an example. Then, we can get that the initial pulse value

C = diag(0.8,0.88,0.87,0.8,0.92,0.89,0.89, 0.89,
0.89,0.92,0.94,0.9,0.92,0.91, 0.94,0.93,0.97,0.93).
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FIGURE 5: A diagrammatic sketch of the application scenario for the proposed method.

Input: ay,8),D,,D,,D;,D,,C,A,,A,,0 = (0,...,0)]
(1) Let k=1
(2) while (§; #0)

(3) if each proposition neuron satisfies its firing condition

E={a"na;21,,1<i<s} then
(4) proposition neurons fire and compute §; via
8= DI+« )+ (D! )+ (DYoay))
(5)  if each rule neuron satisfies its firing condition

E= {a"/\(?jz)tr_,lﬁjst} then
J

(6)  rule neurons fire and compute a; via
a :DZ° (C*(Sk)

(7) end if

8) k=k+1

(9) end while

Output: The pulse value of all neurons.

ALGORITHM 1: Pulse value reasoning algorithm.

Complexity
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Input: N7 N/, ), 8),1,,1,,C,0 = (0,...,0)/,D;,D,,D;,D,

(1) Let k=1

(2) while (N} #0)

(3) if each proposition neuron satisfies its firing condition
E={a"na;2),, 1<i<s} then

(4)  proposition neurons fire and compute §; and N; via

11

(5) end if

{ a, =D. o (Cx8)),
P

(8) end if

9) k=k+1

(10) end while

8, = (DIT * o) + (Dg Soy_g) + (Dg o),
N; = [(D,@D;)'A(N; ®a,_,0),)®[D;V(N; ®a 6),)]

(6) if each rule neuron satisfies its firing condition
E= {an/\éjz)t,j, lsjst} then

(7) rule neurons fire and compute &, and N}, via

N; =D;A(N; ®8,0),)

Output: Potential fault paths and their occurrence probabilities.

ALGORITHM 2: Forward fault prediction reasoning algorithm.

The ﬁringrthreshold vectors for PNs and RNs are A, =
(0.5,...,0.5),, and A, = (0.5,... >0-5)th1a respectively.

The synaptic matrices D,,D,, D5, and D, are obtained
via the rMFRSNPS-based fault analysis model, as shown in
Figure 3.

O7><4 ]
01><6 E1><2 01><5 lel 01><4
D, =[O Ona Vis Ozaq Oy
O1><6 01><2 O1><5 Elxl 01><4
-010><6 010><2 010><5 010><1 V10><4-
01><16

02><16 >

023><1 023><1 023><16

(5)

D, = [018><8 Eigas ]’

T
0, 055 050

where Vs = [O3xz Es; Os

T
ol><3 01><3 01x1:|
01><2 01><3 01><2

» Vos = [03><3 Ess Osg

1x3 01><3 01><1

T
(0} (0] (0} T
6 Vax1 Yax3 E, O, O,4
Vioxa = | O Eixi O | 5 Va3 = | O1p O1q Oy |
Oix6 O Oixs Oz O Eig
T
o T E1><2 Ol><3 O1><2 01><1
— 2x3 _ .
Vis = [E ] » Vs = | Ouxo Oy Oy Oyyy | 5 Olisa
1x3

o1><2 01><3 E1><2 O1><1
null matrix, and E is an identity matrix.
The pulse value reasoning process is described as follows:

When k=1, &, = (0.8,0.6,0.9,0.92,0.8,0.9,0.62,
0.82,0,)", @, = (04,0.64,0.53,0.78,0.74,0.74, 0.8,
0.73,0.73,0,,)"

When k=2, 8, = (04 0.78,0.74,0.74,0.8,0.8,0.73,

0,)", a, = (0,,0.69,0.68,0.7,0.72,0.74,0.66,0,)"
When k=3, 8= (0,,,0.72,0.74,0,)", «; = (O,,,
0.68, 0.69,0,)"

When k=4, 8, = (0,,0.68,0.69)", a, = (0,,,0.66,
0.64)"

When k=5, 85 = (05)"
Thus, the termination condition is satisfied and the

reasoning stops. We obtain the reasoning results, i.e., the
pulse value of all neurons, shown as follows:
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Input: N SN epﬂ,e,q,
(1) Let k— 1

(2) while (N, #0)

(3) if each {:u’ie neurons satlsﬁj‘ its firing condition

@8,X,\.1,,0=(0,...

E=1a"n0;=2A,,1<j<t: then
(4) rule eurons ﬁre and compute N and 0, via
N’k - D_4ANPJ<7
0, =N, ®b
(5) end if
(6) if each proposition neuron satisfies its firing condition
E= {a"/\@i A, ISiSs} then
(7) proposition neurons fire and compute N,
N, = (D;eD,®eD;)AN,
0, =N, ®a
k Pk

and 0 p, Via
k

(8) compute Y via
Y, =Wa6,

(9) determine the MCSsk (Q1> ...,Q)) of each PN in N

neurons after position updating via
0, =N, ®a
k Pr
(11) end if
(12) k=k+1
(13) end while

,0)/, D;,D,,D;,D,, W

> where Q; =
each PN via y(Q)) = H y(a ), and screen out the pulse of PNs in a PMCS whose danger degree is larger than /\
(10) update the number of proposmonal neurons N, per the selected pulses, and compute pulse value of fault pulse in proposition

Output: Failure causes, paths of abductive reasoning and their probabilities.

(0,...,0,), 1 <g,i<s. Compute danger degree of MCSs for

ALGORITHM 3: Backward abductive fault diagnosis reasoning algorithm.

a=(0.8,0.6,0.9,0.92,0.8,0.9,0.62,0.82,0.64,0.53,0.78,0.74,0.74, 0.8,0.73, 0.73, 0.69, 0.68, 0.7, 0.72, 0.74, 0.66, 0.68, 0.69, 0.66, 0.64)",

8 =(0.8,0.6,0.9,0.92,0.8,0.9,0.62,0.82,0.78,0.74,0.74, 0.8, 0.8,0.73, 0.72, 0.74, 0.68, 0.69)T.

4.2. Forward Fault Prediction Reasoning. Let us assume
that the following fault symptoms of a motor are
monitored online: overload (pl), resistance value of a
phase winding decreases (p3), damage of shaft seal ring
structure (p5), and excessive roughness value of seal
surface shaft (p7). Accordingly, the initial number vector
N* of the PNs with fault pulses is obtained:
No = (1,0,1,0,1,0,1,0,)".

The synaptic matrices D, D,, D5, and D, are the same as
the ones in Section 4.1.

The initial pulse value vectors of PNs and RN are a, =

(0.8,0.6,0.9,0.92,0.8,0.9,0.62,0.82,0,,)", 8, = (0O5)",
respectively.
The truth value diagonal matrix of RNs is

C = diag(0.8,0.88,0.87,0.8,0.92,0.89,0.89, 0.89,
0.89,0.92,0.94,0.9, 0.92,0.91,0.94,0.93,0.97,0.93).

The fault prediction reasoning process is described as
follows:

When k=1, 8, = (0,0.6,09,092,0.8,09,0.62
0.82,0,))", N} = (1,0,1,0,1,1,0,,)". al—(08,064
053078074074 8,0.73,0.73,0,)", N* = (041,
0,1,0,1,1, 0,,)".

(6)

When k=2, 8, = (04,0.78,0.74,0.74,0.8,0.8,0.73,
0,)", Ni =(041,0,1,1, L 0,)". a, = (0,,0.69,
0.68,0.7,0.72,0.74, 0.66,0,)", N = (041, 0,1,0,

1,11,0,)".

When k=3, 8, = (0,,,0.72,0.74, 72)
1, 1,012)T; a; = (0,,0.68,0.69,0,)",
1,0,)".

When k=4, 8, = (0,,0.68, 0.69)7, N} = (051, 7.
a, = (0,,,0.66,0.64)", N7 = (0,1, Y.

When k=5, & = (olS)T, N,S = (0.

(014’
N+ = (022, ,

Thus, the termination condition is satisfied and the
reasoning stops. We find that the neurons with fault
pulses are shown in Figure 6. Therefore, the potential
fault paths are obtained; thatis, L; = (0, 0,7, 030, 041> 046)>
L, = (03,019,030, 041> 046)> Ly = (05,051,033, 0415 046)>
Ly = (07,04,,033,041,046), and Ls = (07,05, 034, 043, 047),
where 07, 019, 031, 035, 039, 033, 033, O34, 0415043, Oy
and o, are potential faults. The occurrence probability of each
fault path is P(L,) = 0.159, P(L,) = 0.217, P(L,) = 0.186,
P(L,) =0.16, and P(Ls) =0.162, respectively. Thus, the
checking order of the fault paths is L,, L5, Ls, L,, L,. Note that
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the probability of a path is obtained by multiplying the pulse

value of the neurons in each path.

4.3. Backward Abductive Fault Diagnosis Reasoning. This
section assumes that the motor has failures. Let us take
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F1GURE 6: Forward prediction of potential fault paths.

insulation winding burned down (p46) as an example.
Accordingly, the number vector of PNs with fault pulse is
N, = (0,,1,0)".

The pulse value vectors of PNs and RNs are « and 6,

respectively, given as follows:

a =(0.8,0.6,0.9,0.92,0.8,0.9,0.62,0.82,0.64,0.53,0.78,0.74,0.74, 0.8,0.73, 0.73, 0.69, 0.68, 0.7, 0.72, 0.74, 0.66, 0.68, 0.69, 0.66, 0.64)",

8 =(0.8,0.6,0.9,0.92,0.8,0.9,0.62,0.82,0.78,0.74, 0.74, 0.8, 0.8,0.73, 0.72, 0.74, 0.68, O.69)T.

The synaptic matrices D;, D,, D5, and D, are the same as

those in Section 4.1.

The tightness degree between PNs is shown in Figure 7,

from which the weight matrix W can be obtained.

The abductive fault diagnosis reasoning process is de-

scribed as follows:

When k=1,

(7)

N;l = (016’ l’ol)T’
0, =(0,0.68,0,)",
N;l = (0227 1,03)T,
0, =(0,,0.68,0,)",

0540 0241 Oz ! ®
Y, =| Oy 068 O3 |

On2 Opa O
Q, ={ou};

y(Q)) = y(04) = 0.68.
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TaBLE 2: Results comparison of the rMFRSNPS and four other methods.
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Preset faults

Fault
locations

Cases
Fault event

Fault

sources

Fault
causes

Methods

Fault
sources

Results

Fault causes

Redundant
fault sources

Redundant
fault causes

Insulation winding

o
burned down 46

gy, 03,
05

0y, 03, 05,
017> 019,
021> 030,
032, 041

MSAF-12

TIAAC

FFPN

FPN

rMFRSNPS

01, 02, 03,
04, 05, O,
07

01, 03, 05

01, 02, 03, Oy,

05, 017, 018,

019, 020, 0215

030, 031> 032,
041

01, 02, 03, Oy,

05, 017, 018,

019> 020, 021,

030> 031> 032,
041

01, 02, 03, Oy,

05, 06> 07, 017,

018> 019> 020,

021> 022, 0305

031> 032, 033,
041

01, 03, 03, Oy,

05, O, 07, 0175

018, 019, 020,

021> 022, 030,

031, 032, 033,
041

01, 03, 05, 017,

019> 0215 030,

032, O41

02, 04, O¢, 07

02, 04, 018> 020>
0315

02, 04, 018, 0205
031,

02, Oy, O, 07,
018> 020, 022,
031> 033

02, 04, 06, 07,
018> 0205 022,
031, 033

Excessive wear of
bearing

06, O3

06, 08, 022,
024, 034,
035

MSAF-12

TIAAC

FFPN

FPN

rMFRSNPS

06, 07, Og

Og, 038

06> 08, 0225 024,
034, 035
O, 07, 0g, 022,
023, 024, 034,
035
O¢, 07, 08, 022,
023, 024, 034,
035
06, 075 08, 022,
023, 024, 034,
035
06> 08, 022, 024,
034, O35

o7

07, 023

07, 023

07, 023

3 Motor overheating 030

01, 03

0y, 03, 017,
O19

MSAF-12

TIAAC

FFPN

FPN
rMFRSNPS

01, 02, 03

0y, 03

01, 0y, 03, 017,
018 019
01, 03, 03, 017,
018 019
01, 03, 03, 017,
018 019
01, 03, 03, 017,
018 019
01, 03, 017, O19

02

02, 018

02, 018

03, 018

02, 018

Motor overheating and
4 abnormal rotation or
the rotor is stuck

030, 032

01, 03,
Os

01, 03, 05,
017, 019,
021

MSAF-12

TIAAC

FFPN

FPN

rMFRSNPS

01, 02, 03,
Os

01, 03, 05

01, 0y, 03, Os,
017, 018, 019,
021
01, 02, 03, 05,
017, 018, 019
021
01, 03, 03, 05,
017, 018> 019>
021
01, 03, 03, Os,
017> 018> 019>
021
0y, 03, 05, 017,
019, 021

02

02, 018,

02, 018

02, 013,

02, 018,
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TaBLE 2: Continued.

Preset faults

Results

Cases

Fault event

Fault
locations

Fault
sources

Fault
causes

Methods

Fault
sources

Fault causes

Redundant
fault sources

Redundant
fault causes

Phase-absent
operation, abnormal
rotation, or the rotor is
stuck and excessive

031, 032,
042

04, 05,
06, O3

04, 05, O,
08, 020,
021, 022,
024, 034,

MSAF-12

TIAAC

FFPN

04, 05, O,
07, 0g

04, 05, Og, Og,
020, 021> 022,
024, 034, 035
04, 05, Og, 07,
08, 020, 021>
022, 023, 024,
034, 035
04, Os, Og, 07,
08, 020, 021>
022, 023, 024,

07

07, 023

07, 023

wear of bearing 035

FPN

rMFRSNPS

034, 035
04, 05, Og, 07,
03, 020, 021>

07, 023
022, 023, 024,
034, 035
04, Os, Og, Og,
04, 05, 06,
020, 021> 022,

8
024> 034, 035

Note: “—” means that there is no such kind of information.

To start with the process, the pulse of PNs in the MCS

whose danger degree is less than A, is deleted. Ac-
cordingly, the number vectors of PNs and their cor-

responding pulse values of fault pulses are updated, i.e.,

N, = (05,,1,0)" and 8, = (0,,0.68,0,),
respectively.
When k=2,
N; = (014, L, 03)T’
8, =(0,,,0.72,0,)",
N, =(0,5,1,1,1,1,04)",
0,, = (0,5,0.69,0.68,0.7,0.72,0;)",
0316 Ont szt Ot Ozt O]
Y;=| O 061 057 06 058 O, |,
Osa6 Osa Oz Oz O3 Oy
Q; ={o30}
Q, ={o31}
Q; ={o3,};
Qs ={o33}
y(Q)) = y(03) = 0.61,
y(Q) = y(03y) = 0.57,
y(Q;) = y(03,) = 0.6,
y(Qy) = y(033) = 0.58
(9)

Similarly, the pulse of PNs in the MCS whose danger
degree is less than A, must also be deleted. Accordingly,
the number vectors of PNs and their corresponding

pulse values of fault pulses are updated, i.e.,
N, = (0,,,1,0,1,0,)", 8, = (0,,0.69,0,0.7,0,)"".

When k=3,
N, =(041,0,1,0,)",
8, = (05,0.78,0,0.74,0,)",
N, =(041,1,1,0,1,0,,)",

0, =(04,0.64,0.53,0.78,0,0.74,0,3)",

[016xs O16x1 O16x1 Otxt Ot 161 Orgas]”
O, 061 05 072 Oy O Oy
Y;=| 015 Ona Opa Ong Ong Opg Ops |
Oiis O O O O 074 Oy
LO7s 07 07 Oz O 07 Ogy3
Q, ={oi7},
Q, ={o1s},
Q; ={o19},
Q, ={on},
y(Qy) = y(0y7) = 0.61,
y(Qy) = y(0y5) = 0.5,
y(Qs) = y(01) = 0.72,
y( (

(10)

Repeatedly, it must be made sure to delete the pulse of
PNs in the MCS whose danger degree is less than A,.
Accordingly, the number vectors of PNs and their
corresponding pulse values of fault pulses are updated,
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ie., N, =(041,0,1,0,1,0,,)" and
8, = (040.64,0,0.78,0,0.74,0,;)", respectively.

When k=4,
N, =(1,0,1,0,1,0,,)",

Ty

6, =(0.8,0,09,0,0.8,0,)",

_ T
N, =(1,1,1,0,1,0,)",

0, =(0.8,0.6,0.9,0,0.8,0,,)",

P4
[ Ogq Ogq Ogy Ogy Ogy Ogo 7
071 055 Oy O O Oy
Oiq 051 075 Oy Oy Oy
Y, =] Opq Opg 09 Opy Oy Oy |
Oiqa Ona Ong Opg O Oy
Oiqg Ong Opg Oy 08 0y
L0130 O3 Oz Ousa Oraxg Oz

Q, ={a1},

Q, ={o,},

Q; ={o3},

Q, ={os},
y(Qy) = y(0y) =071,
¥(Qy) = y(0,) =055,
y(Qs) = y(03) =09,
y(Q) = y(05) = 0.8

(11)

Once more, the pulse is deleted in PNs in the MCS
whose danger degree is less than A,. Accordingly, the
number vectors of PNs and their corresponding pulse
values of fault Ir)ulses are updated, i.e,
N;74 =(1,0,1,0,1,0,,)" and Gp4 = (0.8,0,0.9,0,0.8,
0,,)7, respectively.
When k=5, N, = (Oy)".

Thus, the termination condition is satisfied and the
reasoning stops. We find that the rMFRSNPS-based
abductive reasoning model is shown in Figure 8,
where @& represents the deleted pulse. Then, the fault
paths can be found in Figure 8, ie,
Ly = (01,017,030, 041, 046)s Ly = (03,019, 0305 0415 04)s
and L; = (05,0,,, 035,041, 046)> Where 0, 03, and o5
are the fault source of “insulation winding burned
down.” Besides, the occurrence probability of each
fault path is P(L,)=0.159,P(L,) =0.217, and
P(L,) = 0.186.

Then, maintenance personnels can check the motor in
turn according to the fault sources and paths got by
Algorithm 3. The check order of fault sources is
05,04, 05, and the fault paths are L,, Ly, L.
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4.4. Comparisons. In this section, the usefulness of the
proposed method is justified by comparison with different
approaches: the method of selection of amplitudes of
frequencies (MSAF-12) [2], improved artificial ant clus-
tering (IAAC) [14], fuzzy fault Petri net (FFPN) [23], and
fuzzy Petri net (FPN) [44] for the abductive fault
diagnosis.

Historical statistics and expertise [37] show that most
faults of three-phase induction motors are related to bear-
ings, windings, and stators. Consequently, five relevant
typical cases have been considered, which are “insulation
winding burned down,” “excessive wear of bearing,” “motor
overheating,” “motor overheating and abnormal rotation or
the rotor is stuck,” and “phase-absent operation, abnormal
rotation, or the rotor is stuck and excessive wear of bearing,”
respectively.

The experimental results are shown in Table 2, where
cases 1-3 are single faults while cases 4-5 are multiple ones.
For cases 1-3, the FFPN find more fault causes and fault
sources, while the FPN and TAAC diagnose more fault
causes and cannot find any fault source. Besides, although
the MSAF-12 can obtain right fault causes without re-
dundant ones for case 2, it gets wrong results for cases 1 and
3. For cases 4-5, the FFPN still cannot find the accurate fault
causes and fault sources, while the MSAF-12, FPN, and
IAAC are unable to find any fault source. In contrast, the
rMFRSNPS performs better, finding all the sources and
avoiding redundancies. Accordingly, the inspection and
repair scope for the motor obtained by our method is
smaller than the ones got by the MSAF-12, IAAC, FFPN,
and FPN.

5. Conclusions

This paper proposes a fault analysis method for three-phase
induction motors based on rMFRSNPSs. Firstly, fault fuzzy
production rules are proposed, and then, an rMFRSNPS-
based fault diagnosis model is established according to them.
Then, the PVRA (Algorithm 1), the FFPRA (Algorithm 2),
and the BAFDRA (Algorithm 3) are designed to realize the
fault analysis of motors. Specifically, the pulse value of spikes
in neurons predict propagation paths with occurrence
probabilities, and failure causes with probabilities are ob-
tained by the abovementioned three algorithms in turn,
respectively.

Finally, the fault diagnosis method based on rMFRSNPSs
is proposed, where the FPRA can effectively predict potential
failures of motors to reduce the fault rate, while the BAF-
DRA can carry out the abductive fault diagnosis of any
failure in the proposed model to the detection range of fault
sources and failures. In this paper, we extend the spectrum of
applications of SNPSs to the fault analysis of motors, which
not only expands the application fields of membrane
computing but also extends the SNPS-based fault analysis
from postante applications to a new ex-ante analysis and
prediction framework. Moreover, the proposed method can
meet the needs of a motor for its overall fault analysis. Case
studies with a detailed reasoning process assess the feasibility
and effectiveness of the proposed method. This paper focuses
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on proposing the fault analysis method and designing re-
lated algorithms from a mathematical point of view. Besides,
some of our planned lines of future work include the sys-
tematic research about the software simulation of these
methods, along with the in-depth exploration of practical
applications where the proposed method can provide a
significant value.

Nomenclature

ES: Expert system

ANN: Artificial neural network
PN: Petri net

SNPS: Spiking neural P system

rMFRSNPSs: Modified fuzzy reasoning spiking neural P
systems with real numbers

PVRA: Pulse value reasoning algorithm

FFPRA: Forward fault prediction reasoning algorithm

BAFDRA:  Backward abductive fault diagnosis reasoning
algorithm

MCS: Minimum cut set

PMCS: Precise minimum cut set

PN: Proposition neuron

RN: Rule neuron

MSAF-12:  Method of selection of amplitudes of
frequencies

FPN: Fuzzy petri net

FFPN: Fuzzy fault petri net

IAAC: Improved artificial ant clustering.
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