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Abstract: This article aims to provide a technique for identifying and categorizing interturn insula-
tion problems in variable-speed motor drives by combining Salp Swarm Optimization (SSO) with
Recurrent Neural Network (RNN). The goal of the proposed technique is to detect and classify Asyn-
chronous Motor faults at their early stages, under both normal and abnormal operating conditions.
The proposed technique uses a recurrent neural network in two phases to identify and label interturn
insulation concerns, with the first phase being utilised to establish whether or not the motors are
healthy. In the second step, it discovers and categorises potentially dangerous interturn errors. The
SSO approach is used in the second phase of the recurrent neural network learning procedure, with
the goal function of minimizing error in mind. The proposed CSSRN technique simplifies the system
for detecting and categorizing the interturn insulation issue, resulting in increased system precision.
In addition, the proposed model is implemented in the MATLAB/Simulink, where metrics such
as accuracy, precision, recall, and specificity may be analysed. Similarly, existing methods such
as Adaptive Neuro-Fuzzy Inference System (ANFIS), Recurrent Neural Network (RNN), and Salp
Swarm Algorithm Artificial Neural Network (SSAANN) are utilised to evaluate metrics such as
Root mean squared error (RMSE), Mean bias error (MBE), Mean absolute percentage error (MAPE),
consumption, and execution time for comparative analysis.

Keywords: interturn short circuits (ITSC); Salp Swarm Optimization (SSO); recurrent neural
network (RNN); Salp Swarm Algorithm Artificial Neural Network (SSAANN)

1. Introduction

Electric motors play a vital role in the reliable process of manufacturing facilities.
The identification of motor anomalies will prevent costly breakdowns in manufacturing
facilities. Bearing and stator-winding-related inadequacies account for around three-fourths
of all failures in squirrel-cage motors, as deduced from [1–4]. Furthermore, it shows that
turn-to-turn insulation failure is the primary cause of motor stator winding failures. Even
though there is no trial data showing the time delay between the interturn and ground wall
insulation failure phases, it is acceptable to presume that it does not occur instantaneously.
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This is because there is a time difference between the two phases. In this method, the
stator core and nearby coils may be safely removed from the motor if an interturn short
is detected while the motor is running, reducing the need for repairs and the amount of
time the motor is down for maintenance. Existing instrumentation can show the proximity
of a shorted turn, but only while the motor is disabled. If these problems with the motors
are not caught in time, the machinery will eventually break down [5]. When a machine
fails, it may inflict harm on nearby workers. Downtime and unsuccessful machine repairs
can incur significant costs. So, defect detection is crucial throughout the development
phase [6]. Various conventional methods are available, each with its own set of advantages
and disadvantages. For defect identification and diagnosis, mathematical models of the
system are used. Bearing, stator, and eccentricity-related defects are briefly discussed
in their diagnosis [7]. Methods for determining fault include Motor Current Signature
Analyses (MCSA), axial flux-based techniques, and vibration analysis.

When insulation problems are modelled and tested, the machine draws unbalanced
phase currents [8]. This imbalance creates a cascade of counter clockwise currents. Voltage
imbalances and machine saturation cause negative sequence currents [9]. Time-frequency
domain algorithms mentioned in the article include Singular Value Decomposition (SVD),
Short-Time Fourier Transform (STFT), and Wavelet Transform (WT). Wavelet packet de-
composition was used to identify the motor bearing fault conditions [10–12]. The aforemen-
tioned frequency-domain methods assume you already know or have a good approximation
of the bearing failure frequencies. When the signal-to-noise ratio is low, it becomes more
difficult to study the vibration spectrum, which is the second shortcoming. It is likely that
the system will become more complicated if the vibration spectrum has many different
frequency components [13–16]. An Artificial Neural Network (ANN) has the ability to
grasp the problem of machine monitoring and failure discovery, utilizing an approach that
is inexpensive, dependable, and does not need intrusive procedures [17–19]. On the other
hand, although fuzzy logic is useful for making approximate inferences, it is not always
able to provide precise accuracy [20].

In this study, we present a method for detecting and classifying interturn insulation
faults in Asynchronous Motor (AM) adjustable motor drives by (CSSRN) combining Salp
Swarm Optimization (SSO) with Recurrent Neural Network (RNN). The goal of the sug-
gested method is to identify and categorise Asynchronous Motor (AM) symptoms at their
earliest stages, both in normal and pathological contexts. The proposed system has the
following contributions and advantages:

• Development of a simulation setup for the derivation of induction motor parameters
under both healthy and faulty conditions

• Highly robust and efficient system that could facilitate an optimum solution for fault
detection and condition monitoring of induction motor

• A comparative analysis with approaches such as ANFIS, RNN, and SSAANN is shown
to prove the efficiency and reliability of the proposed system.

This paper’s remaining sections are as follows. Recent research efforts and their
historical context are discussed in Section 2. In Section 3, we see an example of the
suggested approach for detecting and categorizing interturn faults in an Asynchronous
Motor (AM). Interturn short circuits are shown in Section 4. In Section 5, we describe the
suggested Recurrent Neural Network (RNN) that is based on Salp Swarm Optimization
(SSO). The simulation results and analysis of the current and new methods are shown and
discussed in Section 6.

2. Recent Research Works: A Brief Overview

Earlier studies on Asynchronous machine fault diagnosis have mostly concentrated
on the identification of interturn errors in the Asynchronous Motor (AM) from a number of
different angles and methods. The negative sequence current of the faulty machine may be
compensated for with the help of a method proposed by M. Bouzid et al. [21]. The study’s
goal was to improve the reliability and sensitivity of early stator problem identification in
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the presence of a wide range of disturbances. By using a closed-loop control system and an
inverter, E. Elbouchikhi et al. produced a method for detecting problems in Asynchronous
Motor (AM) stators [22]. Unbalanced currents in the stators result from defects such as
phase-to-phase and phase-to-ground. Symmetrical Components (SCs) analysis of the stator
current was used as part of the diagnostic procedure. The fundamental frequency and three-
phase phasors were assessed using Maximum-Likelihood Estimation (MLE). Unbalance
faults were identified using the Generalised Likelihood Ratio Test (GLRT). L. Maraaba
et al. introduced Neural Networks (NNs) for analysing three phase Asynchronous Motor
(AM) stator shorted turns [23]. The motor’s output of electromechanical torque served as a
fault indication. During the Neural Networks (NNs) training phase, we referred to the five
individual motors as observed motors.

P. Rebouças Filho et al. [24] made a significant contribution to the field of Asyn-
chronous generators by developing an effective approach for detecting impending stator
winding interturn short-circuits in wind turbines. The generator may be put through a
variety of short circuits on a wind turbine test bed. The electricity was purchased for a
defect database. G. Surya et al. presented the ideal parameters for radial flux sensing stator
flaw detection [25]. Flux signature analysis in comparison to traditional Motor Current
Signature Analyses (MCSA) has been the focus of many prior research efforts. Two such
difficulties, a turn fault and a cooling system failure, have been suggested and solved [26].
Regardless of whatever way it goes, the stator will become hotter. To solve this problem,
researchers devised a thermal data analysis method based on two thermal profile indicators.
Indicators such as this would be useful for diagnosing problems such as cooling system
failure and faults in the interturn connections. D. Dorrell et al. [27,28] analysed the future
impact of interturn faults. An evaluation of the rise in the proportion of current flowing
in reverse was performed under both normal and abnormal operating circumstances for
an Asynchronous Motor (AM). Simple algorithms were used for monitoring and fault
identification, with the negative sequence component being a key factor in identifying
interturn problems.

2.1. Background of the Research Work

Analysing previous studies shows that finding flaws at their earliest stages, such
as Interturn Insulation Fault (ITIF) in the Asynchronous Motor (AM), is essential. Large
amounts of electrical drives are installed in a factory. Therefore, in such a framework,
identifying the state of each motor’s health is crucial. Fault diagnosis is essential for
preventing irreparable damage from occurring, as in the case of the unexpected breakdown
of electric motor systems. Thus, correct motor modelling is the first step in the detection
of motor anomalies. A variety of defect detection methods, including Neural Networks
(NNs), Generalised Likelihood Ratio Test (GLRT), Fast Fourier Transform (FFT), etc., have
been developed in light of the text. Artificial Neural Network (ANN) is capable of tackling
the issue of motor monitoring and fault identification, despite the fact that it does not give
heuristic reasoning during the fault detection process [29,30]. However, when applied to
real-world problems, the most serious drawbacks of Artificial Intelligent systems are their
inaccessible data processing structures and high computing costs. Additionally, because
various states have varied needs, the initial training stage might be difficult due to the
necessity for a vast library of stator currents. For optimal performance, this stage is crucial,
although it may only allow for a limited setup of systems. However, it is not always
feasible to predict the frequencies of bearing failure in advance, which is a drawback of
FFT analysis and other frequency-domain approaches. There is also a problem when the
signal-to-noise ratio is too high or too low; in these circumstances, the vibration spectrum
has an excessively high number of components. The aforementioned techniques are used
to predict the interturn errors; however, the complexity of the algorithm is high due to the
large number of samples required. To avoid these challenges, cutting-edge technology must
be used for defect detection and categorization at its best. Few control strategies are shown
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to detect and categorise interturn faults in earlier studies; these limitations motivated us to
conduct this study.

2.2. Fault Detection Approaches

Errors may occur everywhere, including the stator, rotor, bearings, and external
peripherals of an Asynchronous Motor or Machine. Figure 1 presents examples of the
several methods that may be used to spot Asynchronous Motor faults. Model-based
methods, signal-processing-based methods, and AI-based methods are the three major
groups into which the methods fall.
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The use of mathematical models of the system is at the heart of model-based ap-
proaches. However, it is challenging to construct a mathematical model that accurately
represents a physical system. It is not possible to accurately predict defects and noises,
and system characteristics may change over time. Thus, even in fault-free operation, the
real system (the motor) never quite matches up with the model. These discrepancies are
problematic because they may lead to false alarms or missed alerts in condition monitoring
and fault detection applications.

Researchers have made several reports of their efforts to use AI in motor monitoring
and defect detection. In this context, expert systems have been frequently used as a method
of finding problems. Artificial Neural Networks (ANNs), Fuzzy Logic (FLs), and Support
Vector Machines (SVMs) are just some of the AI methods that have been created and put to
use in defect monitoring. Expert systems are often taught with the use of a database that
links measurements to their associated errors. While the training database may include
uniformly spaced defects of a certain severity, this may not be the case in real-world
applications. This may cause incorrect diagnoses. In order to create an intelligent motor
fault detection system, vibration signals from faulty induction motors were analysed using
an extension neural network (ENN) [31]. The RNN method, which involves stacking two
LSM layers to build a single end-to-end network, is widely used for analysing real-time
safety monitoring in induction motors [32,33].

Recent advancements in Digital Signal Processing have made it possible to conduct
real-time motor problem diagnostics using just a few signals (such as stator line current or
vibration signals) acquired from the motor. This makes it easier to find motor problems
and save money. DSP is used to rapidly analyse the current measurement for both the
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fundamental component and the fault signature frequency, and the fault code is integrated
into the algorithm. Several digital signal processing (Fast Fourier Transform (FFT) and
Discrete Wavelet Transform (DWT)) approaches based on-line fault detection strategies
were developed for Asynchronous Motors, taking into consideration the reliability and
improved efficiency of digital processing techniques.

3. Proposed Method for Fault Detection in Asynchronous Motor (AM) Drive

The suggested approach to detect and classify an interturn defect in the Asynchronous
Motor (AM) is shown in Figure 2. The suggested architecture’s system is meant to monitor
the system’s condition while measuring a wide range of electrical parameters. In this case,
the suggested process is split into two phases. Some examples are Asynchronous Motor
(AM) fault detection and categorization and interturn fault detection. First, we use the Salp
Swarm Optimization (SSO) method to determine if the motors are in good working order.
Second, the Recurrent Neural Network (RNN) acts out the categorization of motors in poor
health to identify the appropriate interturn faults for safety. The suggested detection and
classification approach was created with the specific intended purpose of separating the
Asynchronous Motor (AM) state from fault problems.
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3.1. General Considerations of Interturn Short Circuits

This section describes a foundational understanding of interturn short circuits. In
Figure 3, we see a single-phase coil winding with a short circuit between the turns. The
following equation describes the sequence of magnetic field (MMF) waves generated by
the stator winding of a symmetric Asynchronous Motor.

fs(t, θ) = ∑
µ

fµ cos [σ1t− µpθ] (1)

Here, the number of pole pairs is denoted as p, mains angular frequency is indicated
as σ1 and µ = 6g + 1, where g = 0, ±1, ±2, . . . .
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The rotor winding MMF may be calculated using the Fourier series. By ignoring the
slot width opening α = 0 and substituting αi = 2π/n and σi = 1, it is easy to display that the
MMF is produced by the base frequency Ir with amplitude irotor, max that flow in a single
rotor loop.

floop,1(t, θrotor) =
∞

∑
c=1

[kc cos(cθrotor + sσ1t) + kc cos(cθrotor − sσ1t)] (2)

where,

kc =
2

cπ

(
1− 1

y

)
sin
(

c
π

y

)
irotor,max (3)

In the rotor, the neighbouring loop is shifted by 2π/y rad in space, the same amplitude
and frequency of the current is phase shifted by p × (2π/y).

floop,2(t, θrotor) =
∞

∑
c=1

[
kc cos

(
cθrotor + sσ1t− (c + p)

2π

y

)
+ kc cos

(
cθrotor − sσ1t− (c− p)

2π

y

)]
(4)

When all the rotor loops’ MMFs are added together, we can obtain the following
equation for the overall rotor MMF:

frotor(t, θrotor) =
y−1

∑
i=0

∞

∑
c=1

[
kc cos

(
cθrotor + sσ1t− i×
(c + p) 2π

y

)
+ kc cos

(
cθrotor − sσ1t− i×
(c− p) 2π

y

)]
(5)

For c = p, c = ρy ± p MMF waves exist, then the “c” can be a + ve integer. Because c = p
represents the armature’s reaction on the stator side to the fundamental MMF harmonic,
ρy ± p denotes the order of the so-called rotor slot harmonics, which are distinct from the
fundamental MMF harmonic. The MMF waves, when seen from the side of the stator, have
the following equation:
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frotor(t, θrotor) = frotor1 cos
[ (

1− ρ
y
p
(1− s)

)
σ1t + (ρn− p)θ + frotor2 cos

(
1 + ρ

y
p
(1− s)

)
σ1t− (ρn− p)θ

]
(6)

It has been shown that higher-frequency rotor currents cause greater harmonic flux
density waves from the side of the stator, which in turn cause MMF waves with a similar
structure since the MMF waves are of the same frequency but have a varying number of
pole pairs.

frotorµ(t, θ) = frotorµ1 cos
[ (

1− ρ
y
p
(1− s)

)
σ1t + (ρn− µp)θ + frotor2 cos

(
1 + ρ

y
p
(1− s)

)
σ1t− (ρn− µp)θ

]
(7)

The flux density of a wave of a certain form may be obtained by multiplying MMF
waves with an air-gap of constant permeance. Flux-density waves in the stator windings
might set off electromagnetic fields and, in turn, current flow. Other EMFs can only be
detected at the rotor slot frequency, in addition to the EMF at the base frequency. The MMF
waves in Equation (20) become significant when the number of pole pairs of flux-density
waves approaches a critical value (21). As long as the number of pole pairs remains the
same as the original winding, the most essential frequency components will be present.
Flux-density wave variations may be well explained by considering the air-gap permeance
function of the slots in the stator and rotor. A stream of waves with a fixed frequency is
produced. The stator current spectra reflect all waves with flux-density from the rotor side
under the following situation due to the rotor cage winding nature:

(1± ρn(1− s)/p)a1, ρ = 1, 2, · · ·

Under interturn short circuit circumstances, a new sequence of MMF waves emerges,
for which the equations are as follows.

fadd(t, θ) =
∞

∑
q = −∞

q 6= 0

fadd cos (α1t− qθ) (8)

Therefore, the positive and negative poles as well as both axes of rotation have mag-
netic fields (MMF) and a flux-density of waves. Although the flux-density wave in the
apparatus spins in the opposite direction from each of these waves, each has the same num-
ber of pole pairs. Due to the wave’s Asynchronous of just the base frequency component, it
has no impact on the stator current spectrum. Currents can only be generated by rotor slot
harmonic frequencies and electromagnetic fields (EMFs). Only an increase in the harmonic
frequencies (rotor slot) is to be expected since a problem with the stator windings does
not result in the emergence of a new frequency component in the stator current spectrum.
There are two basic reasons why harmonic frequencies could be expected. When there is a
malfunction, the machine experiences a greater number of flux-density waves, all of which
have the same frequencies. Second, the wave with the present set of poles is one with a
larger flux density.

3.2. Illustration of Interturn Short Circuit

This section presents an illustration of interturn short circuit. In the first case, the coil
has just one turn. There is a short circuit between turns a and b, as shown in Figure 4.
It is assumed that a short circuit forms between places a and b in the interturn and the
associated issues are shown.

Looking closely at the diagram, it can be seen that the channel used by the circulating
current is completely closed. The M-N route may be extended in two separate circuits, as
predicted by the elementary theory. Phase current and SCC are two currents that generate
MMFs in the opposite direction. Therefore, there is a localised area around the shorted
turn(s) where the MMF is reduced due to the cumulative impact of interturn short circuits.
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Because the phase winding has fewer turns when a SC occurs, the MMF is diminished.
Additionally, the direction of the short-circuit current’s MMF is counter to that of the phase
winding’s MMF. Longer shorts between turns may be analysed in the same manner. Slots
and end winding regions are standard features on commercially available Asynchronous
Motors (AMs), serving to separate coils. That is why you will often see interturn between
coils that have identical turn counts. As such, we anticipate the occurrence of both interturn
short circuits between adjacent turns in the same coil and half-coil short circuits. This is
the equivalent of a phase that is 8% of a turn short. A mutual magnetic field (MMF) is
generated whenever a short circuit occurs between two consecutive turns due to the mutual
inductance between the phase winding and the other circuits in the machine. In addition,
the additional phase of short-circuiting known as “phase D” is included. This phase is
electrically isolated from the other phases yet linked to all other circuits on the rotor and
stator sides. It is implicit once again that the rotor loop currents and the currents in the stator
circuit are independent. The link between the rotor loop currents is subsequently formed
using a matrix of rotor parameter rrotor and lrotor,rotor. The link between the stator windings
is what determines the nature of the interaction that exists between the stator currents.

Energies 2023, 16, x FOR PEER REVIEW 8 of 28 
 

 

might set off electromagnetic fields and, in turn, current flow. Other EMFs can only be 

detected at the rotor slot frequency, in addition to the EMF at the base frequency. The 

MMF waves in Equation (20) become significant when the number of pole pairs of flux-

density waves approaches a critical value (21). As long as the number of pole pairs re-

mains the same as the original winding, the most essential frequency components will be 

present. Flux-density wave variations may be well explained by considering the air-gap 

permeance function of the slots in the stator and rotor. A stream of waves with a fixed 

frequency is produced. The stator current spectra reflect all waves with flux-density from 

the rotor side under the following situation due to the rotor cage winding nature: 

1)/)1(1( apsn −  , ,2,1=   

Under interturn short circuit circumstances, a new sequence of MMF waves emerges, 

for which the equations are as follows. 





−=

−=

0

1 )(cos),(

q
q

addadd qtftf   
(8) 

Therefore, the positive and negative poles as well as both axes of rotation have mag-

netic fields (MMF) and a flux-density of waves. Although the flux-density wave in the 

apparatus spins in the opposite direction from each of these waves, each has the same 

number of pole pairs. Due to the wave’s Asynchronous of just the base frequency compo-

nent, it has no impact on the stator current spectrum. Currents can only be generated by 

rotor slot harmonic frequencies and electromagnetic fields (EMFs). Only an increase in the 

harmonic frequencies (rotor slot) is to be expected since a problem with the stator wind-

ings does not result in the emergence of a new frequency component in the stator current 

spectrum. There are two basic reasons why harmonic frequencies could be expected. 

When there is a malfunction, the machine experiences a greater number of flux-density 

waves, all of which have the same frequencies. Second, the wave with the present set of 

poles is one with a larger flux density. 

3.2. Illustration of Interturn Short Circuit 

This section presents an illustration of interturn short circuit. In the first case, the coil 

has just one turn. There is a short circuit between turns a and b, as shown in Figure 4. It is 

assumed that a short circuit forms between places a and b in the interturn and the associ-

ated issues are shown. 

UMN

a

 
b

 
icir 

icir 

e1 e2 e3 e10 e11 e12 

i 
i 

M

 

N
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3.3. Illustration of Star Connected Stator Windings during Interturn Short Circuit

Figure 5 illustrates the stator star winding configuration that happens during aninter-
turn short circuit. Whenever the stator windings and the voltage supply are mirror images
of one another, there is no modification to the preceding equation. Some adjustments must
be made to the stator currents and the simulation model so that line-to-line voltages may
be used as inputs in the unbalanced connections or an unbalanced supply scenario to fulfil
the KCL rule [34,35]. When this situation arises, a modification is made to Equation (1), as
shown below: 

asa
asb
asc
0

 =


ra − rb 0 0
0 rb − rc ra
−ra 0 rc 0
0 0 0 rd




ia
ib
ic
id

+
d
dt


χsa
χsb
χsc
χsd

 (9)
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Here, stator L-L voltages are usi, i = a, b, c, the stator voltages vector zero term indicates
the short-circuited phase.

χsa
χsb
χsc
χsd

 =


laa lab lac lad
lba lbb lbc lbd
lca lcb lcc lcd
lda ldb ldc ldd




ia
ib
ic
id

+
d
dt


la,r
lb,r
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ld,r

 (10)
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lba lbb lbc lbd
1 1 1 1
lda ldb ldc ldd
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ib
ic
id

+
d
dt


la,r
lb,r

0
ld,r

 [ir] (11)

3.4. Illustration of Delta Connected Stator Windings during Interturn Short Circuit

Shorting between turns in a phase winding at terminals A and B is seen in Figure 6. If
the stator’s windings are linked in a delta configuration, no alterations need to be made
to the equation system. The phase voltages, or line-to-line voltages, are used as an input
to the model. Under asymmetrical circumstances in delta-connected windings, the line
currents add up to zero, but the phase currents do not.
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4. Proposed Salp Swarm Optimization (SSO) Based Recurrent Neural Network (RNN)

The proposed approach employs RNN in two independent steps, with the ultimate
aim being the prediction and classification of healthy and unwell circumstances in Asyn-
chronous Motor (AM). In this case, the RNN’s second-stage learning is enhanced by
applying the SSO method to the least-error goal function. The SSO method was introduced
by S. Mirjalili [28] in 2017 as a novel approach to resolving the single- and multi-objective
optimization issue. The swarming behaviour of crabs while navigating and feeding in
water served as the primary idea for SSO. The SSO’s self-adjusting mechanism keeps it
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from settling into a minimal state (or maximum). In the end, SSO produces optimal or
near-optimal solutions when the optimization process is complete. During the early stages
of the optimization process, the SSO investigates the search space before transitioning to
the latter phase of exploiting it. The proposed method evaluates the system’s security and
classifies the Asynchronous Motor (AM) interturn failure.

4.1. Optimization Steps

Step 1: Initialization
The speed, voltage, and torque values serve as the initialization parameters for the

system constraint, while the power values serve as the initialization parameters for the
RNN. The starting points for the salps’ locations are written as,

Initi = Random ∗ (upi − lowi) + lowi i = 1, 2, . . . . . . m (12)

Step 2: Random Generation
The initialised power value with respect to time is generated at random after initialisa-

tion, and the equation is as follows:

prandom(t) =


p11(t) p12(t) · · · p1n(t)
p21(t) p22(t) · · · p2n(t)

...
...

...
...

pm1(t) pm2(t) · · · pmn(t)

 (13)

Here, prandom (t) is used to indicate the random creation of power with regard to time
during the occurrence of the fault.

Step 3: Evaluation
During the assessment phase, the voltage and current levels that are in accordance

with the produced power values will be revealed. The goal function of the suggested
technique is assessed to ensure the smallest possible discrepancy between the desired and
actual power signal. The objective function of i(t) is given by,

o fi(t) = min
{

otrg(t)− o(t)
}

(14)

Subject to


vmin

abci(t) ≤ vabci(t) ≤ vmax
abci (t)

Nmin(t) ≤ N(t) ≤ Nmax(t)

τmin(t) ≤ τ(t) ≤ τmax(t)

(15)

where the actual and target power signal of the Asynchronous Motor (AM) is indicated
as otrg(t) and o(t). The system’s defect should not be anticipated while its restrictions are
within the range of limit, where the target signal may be determined.

Step 4: Leader Position Updating
Depending on the following formula, the leader salps position is rationalised.

Leader positioni =

{
Fj + R1

[
(upj − lowj)R2 + lowj

]
R3 < 0.5

Fj − R1
[
(upj − lowj)R2 + lowj

]
else

(16)

Step 5: Investigation and operation
It is the initial random number of the SSO algorithm that ensures that the exploration

and exploitation phases are in a stable equilibrium.

R1 = 2 · exp

[
−
(

4n
Itermax

)2
]

(17)

where current iteration is represented as n and maximum numbers of iterations are repre-
sented as Itermax.
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Step 6: Follower Position Updating
The current location of the salp is calculated using Newton’s law of motion and

shown as,

Followeri
j =

t
2
(at + vo) ∀ ≥ 2 (18)

The number of iterations used in the optimization process is a representation of
time, with the difference between iterations set to 1. The aforementioned equation is then
written as,

Followeri
j =

1
2

(
Followeri

j − Followeri−1
j

)
∀i ≥ 2 (19)

To pinpoint the specific error, the algorithm’s output is represented as follows. Figure 7
presents a diagram of the suggested SSO algorithm’s flow.

v11i11(t) v12i12(t) · · · v1ni1n(t)
v21i21(t) v22i22(t) · · · v2ni2n(t)

...
...

...
...

vm1im1(t) vm2im2(t) · · · vmnimn(t)

 =


f11(t) f12(t) · · · f1n(t)
f21(t) f22(t) · · · f2n(t)

...
...

...
...

fm1(t) fm2(t) · · · fmn(t)

 (20)

4.2. Detection of Optimal Parameter Using Recurrent Neural Network

Learning and perception are inherent to RNNs since RNNs are made up of a network
of artificial neurons. Adjusting the weights and biases of the interlayer connections between
the neurons is how it is learned. Layers of incoming data, hidden processing, and output
data are essential to RNN function. Nodes representing normalised conditions retrieved
from intentional errors are included in the input layer. The hidden layer and the output layer
both used sigmoid activation algorithms. Binary levels of ‘Healthy’ (H) and ‘Unhealthy’
(U) conditions may be assigned to the objective assessments from the two nodes at the
system’s output. In this case, the RNN was designed, implemented, and tested using the
MATLAB/Simulink environment.

Step 1: The input vector ω is applied to the input layer. The RNN input is the error
er(t) and the error deviation DEr(t). Then, the equation for the input vector is given by,

ω = {ω1, ω2, ω3 · · ·ωm}T (21)

The jth hidden unit of the net input is given by,

Hidh
j =

m

∑
i=1

zjiωi + σh
j (22)

Step 2: The output of the neurons in the hidden layer is outlined in the following way:

Mh
j = f

(
m

∑
i=1

zjiωi + σh
j

)
(23)

With this change, the net input to the output layer neurons is,

Hido
k =

mh

∑
j=1

zjiωi + σo
j (24)

Step 3: Finally, the yield of the neurons i.e., actual output of the feed forward loop Pact
in the output layer, is,

Oo
k = f

(
mh

∑
j=1

zjiωi + σo
j

)
(25)
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Step 4: A gradient-descent strategy utilised by the back propagation algorithm is
applied to the weights and biases in an attempt to minimise a Measurement System
Analysis (MSA) performance index. The input of the RNN shown in Figure 8 is the error
er(t) and the deviation of error DEr(t), which is given as,

er(t) = vo(t)− vre f (t) (26)

DEr(t) = ek(t)− ek−1(t) (27)
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Step 5: The updating expressions and their corresponding synaptic weights are as follows.

zji(n + 1) = zji(n)− ξ

(
∂MSE
∂zji(n)

)
+ β∆zji(n) (28)

∆zji(n) = zji(n)− zji(n− 1) (29)

5. Results and Discussion

The suggested method is realised and implemented in the MATLAB/Simulink plat-
form. An intact IM may be distinguished from one that was damaged by the interturn fault
using the proposed technique. The performance of the proposed control system is com-
pared to that of the already-existing ANFIS, RNN, and SSAANN techniques. Performance
metrics including RMSE, MAPE, MBE, and consumption time are examined in addition
to standard measures of execution such as accuracy, recall, precision, and specificity. The
following is an explanation of how the Asynchronous Motor (AM) works optimally. Table 1
shows the specifications of the Asynchronous Motor.

Table 1. Specifications of Asynchronous Motor.

Specification Values

Induction Motor 3 Phase Squirrel Cage
Induction Motor

Poles 4
Power Rating 1 HP
Voltage Rating 415 V

Operating Frequency 50 Hz
Current Rating 1.8 Amps

5.1. Simulation Results of Performance of Asynchronous Motor (AM) under Healthy Condition

The effectiveness of Asynchronous Motors (AMs) in a healthy state is investigated
here. Stator current, d-axis voltage, q-axis voltage, and torque efficiency under normal
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circumstances are shown in Figure 9. Figure 9 shows that there is no conflict between the
fault events in the IM and the stator’s operational parameters.
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5.2. Simulation Results of Performance of Asynchronous Motor (AM) under Unhealthy Condition

The effectiveness of the Asynchronous Motor (AM) in unfavourable circumstances
is investigated here. The effectiveness of the Asynchronous Motor (AM) is examined in a
healthy setting in Figure 10. Under Figure 9, we can see how Is and Vs along the d-axis,
stator voltage along the q-axis, and torque all fare in 10% unhealthy phase A circumstances.
The current through the stator at 10% phase A shorted turns is shown in Figure 10a. The
breakdown may be observed in time in Figure 10a, which is between 0.08 and 0.12 s.

Figure 10b displays the stator voltage along the d-axis when 10% of the turns are
shorted in phase A. The defect in the stator voltage is shown in the figure to occur between
0.08 and 0.12 s after the fault has occurred, during which time the stator voltage is shown
to be flowing normally. The q-axis stator voltage is shown in Figure 10c for 10% phase
A shorted turns. As seen in Figure 10c, the stator voltage at the q axis was stable for the
first few seconds until a problem emerged at t = 0.08 to 0.12 s. Ten percent of the torque
applied in phase A during short turns is seen in Figure 10d. In the beginning, as shown in
Figure 10d, the torque achieves its maximum level of 0.029 p.u., and then the fault emerges
at a time point of 0.02 to 0.15 s, and the value drops to 0.01 to 0.003 p.u.

Figure 11 indicates Is and Vs along the d-axis, stator voltage along the q-axis, and
torque at 20% unhealthy circumstances in phase A. Stator current during 20% phase A
shorted turns is shown in Figure 11a. Figure 11a reveals that the failure occurs between
0.09 and 0.13 s. In Figure 11b, the voltage across the d-axis of the stator with 20% of the
turns shorted during phase A is shown. The issue appears as seen in the figure after the
problem has occurred and the Vs has been flowing properly for 0.092 to 0.12 s.
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Figure 11c illustrates the voltage at the q-axis of the stator during 20% shorted rotations
in phase A. Primarily, there is no disturbance in the Vs at the q axis, as shown in Figure 11c,
but at some point, between t = 0.083 and 0.13 s, a defect appears in the stator voltage at the
q axis. Torque at 20% phase A short turns is shown in Figure 11d. Figure 11dshows that at
first the torque is at its highest, 0.0295 p.u., but then the fault emerges between 0.02 and
0.15 s, bringing the value down to 0.013 to 0.002 p.u. Figure 12 displays the Is and Vs at
d-axis, Vs at q-axis, and torque output in phase A at 50% load. The current in the stator
during 50% phase A shorted turns is shown in Figure 12a. This fault occurs between 0 and
0.05 s in time, as seen in Figure 12a. In Figure 12b, we can see the stator voltage along the
d-axis at 50% phase A during shorted turns. The defect in the stator voltage is shown in
the figure to manifest between 0.08 and 0.12 s after the fault has occurred, during which
time the stator voltage is shown to be flowing properly.
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The q-axis stator voltage during shorted turns at 50% phase A is shown in Figure 12c.
Figure 12c shows that there was no initial voltage disturbance along the q axis of the stator,
but that a fault developed between t = 0.075 and 0.135 s. The torque at 50% phase A short
rotations is shown in Figure 11d. Torque peaks at 0.0298 p.u., as shown in Figure 12d,
before dropping to 0.012–0.002 p.u. when the fault emerges at a time of 0.01–0.12 s. In
Figure 13, we see the stator current, stator voltage at the d-axis, stator voltage at the q-axis,
and torque performance at 10% phase B load under unhealthy conditions. The current
through the stator at 10% phase B shorted turns is shown in Figure 13a. Figure 13a reveals
that the failure occurs between 0.09 and 0.13 s.
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During 10% phase B shorted turns, the stator voltage is shown in Figure 13b along
the d-axis. The defect in the stator voltage is shown in the figure to manifest between
0.08 and 0.11 s after the fault has occurred, during which time the stator voltage is shown
to be flowing properly. The q-axis stator voltage during 10% phase B shorted turns is
shown in Figure 13c. Figure 13c shows that there is no anomaly in the stator voltage at
the q axis at the outset, but that a defect develops between t = 0.09 and 0.135 s into the
measurement. Torque for 10% of short turns in phase B is shown in Figure 13d. Initially, the
torque achieves its maximum level, shown in Figure 13d, at 0.0299 p.u., and then, between
0.01 and 0.02 s later, the fault emerges, causing the value to drop from 0.03 to 0.14 p.u. The
20% and 50% models’ phase B operations are analysed similarly.

Figure 14 illustrates the Vs and Is at d-axis, Vs at q-axis, and torque at 10% unhealthy
circumstances in phase C. The current through the stator during 10% phase C shorted turns
is shown in Figure 14a. Figure 14a reveals that the malfunction takes place between 0.09
and 0.13 s in duration. The d-axis stator voltage during 10% shorted turns in phase C is
shown in Figure 14b. The defect in the stator voltage is shown in the figure to manifest
between 0.08 and 0.12 s after the fault has occurred during periods of normal stator voltage
flow. During 10% phase C shorted turns, as shown in Figure 14c, the Vs is measured along
the q-axis.

As can be seen in Figure 14c, the stator voltage at the q axis is stable at the outset
but develops a fault between t = 0.095 and 0.13 s. The 10% torque for short rotations in
phase C is seen in Figure 14d. According to Figure 14d, the torque achieves its maximum
value of 0.028 p.u. at a time between 0.01 and 0.02 s, when the fault manifests itself,
and subsequently drops to a range of 0.01 to 0.14 p.u. thereafter. Both the 20% and 50%
models’ phase C operations are analysed. Figure 15 illustrates the behaviour of Vs and Is
at the d-axis, stator voltage at the q-axis, and torque at 10% phase AB under unhealthy
circumstances. The 10% shorted turns in phase AB are shown in Figure 15a. Figure 15a
demonstrates that the malfunction takes place between 0.08 and 0.14 s.



Energies 2023, 16, 2660 18 of 25
Energies 2023, 16, x FOR PEER REVIEW 20 of 28 
 

 

 

Figure 14. Output Waveforms (a) Is (b) Vsd (c) Vsq (d) Ts during shorted turns in phase ‘C’ of 10%. 

 

Figure 15. Output Waveforms (a) Is (b) Vsd (c) Vsq (d) Ts during shorted turns in phase ‘AB’ of 10%. 

During 10% phase AB shorted turns, as seen in Figure 15b, the voltage at the stator’s 

d-axis increases by 5%. The defect in the stator voltage is shown in the figure to manifest 

Figure 14. Output Waveforms (a) Is (b) Vsd (c) Vsq (d) Ts during shorted turns in phase ‘C’ of 10%.

Energies 2023, 16, x FOR PEER REVIEW 20 of 28 
 

 

 

Figure 14. Output Waveforms (a) Is (b) Vsd (c) Vsq (d) Ts during shorted turns in phase ‘C’ of 10%. 

 

Figure 15. Output Waveforms (a) Is (b) Vsd (c) Vsq (d) Ts during shorted turns in phase ‘AB’ of 10%. 

During 10% phase AB shorted turns, as seen in Figure 15b, the voltage at the stator’s 

d-axis increases by 5%. The defect in the stator voltage is shown in the figure to manifest 

Figure 15. Output Waveforms (a) Is (b) Vsd (c) Vsq (d) Ts during shorted turns in phase ‘AB’ of 10%.



Energies 2023, 16, 2660 19 of 25

During 10% phase AB shorted turns, as seen in Figure 15b, the voltage at the stator’s
d-axis increases by 5%. The defect in the stator voltage is shown in the figure to manifest
between 0.08 and 0.12 s after the fault has occurred during periods of normal stator voltage
flow. The q-axis stator voltage is shown in Figure 15c after 10% phase AB shorted rotations.
This problem in the stator voltage at the q axis first became apparent between t = 0.08
and 0.12 s, as shown in Figure 15c. During 10% turn shortening in phase AB, as seen in
Figure 15d, a torque is applied. The problem arises between 0.005 and 0.02 s into the graph
and causes the torque to drop from its highest value of 0.005 p.u. to a lower range of 0.01 to
0.14 p.u. Both the 20% and 50% models’ AB-phase functionality is examined.

During unhealthy circumstances in phase BC of 10%, the Is and Vs at d-axis, stator
voltage at q-axis, and torque are all shown in Figure 16. The current through the stator at
10% phase BC shorted turns is shown in Figure 16a. If we look at Figure 16a, we can observe
that the malfunction takes place between 0.08 and 0.14 s. The d-axis stator voltage during
10% shorted turns in phase BC is shown in Figure 16b. The problem in the stator voltage
is shown in the figure to manifest between 0.085 and 0.115 s after the fault has occurred,
whereas the stator voltage was apparently flowing properly beforehand. The q-axis stator
voltage during 10% shorted turns in phase BC is shown in Figure 16c. Figure 16c shows
that there was no initial voltage disturbance along the q axis of the stator, but that a fault
developed between t = 0.08 and 0.115 s. Torque at 10% phase BC short turns is seen in
Figure 16d. We can see that the fault arises between 0.01 and 0.02 s after the torque reaches
its greatest value (0.005 p.u.) in Figure 16d. Both the 20% and 50% models are analysed
for their performance in phase BC. During hazardous circumstances in phase CA of 10%,
Figure 17 illustrates the Is and Vs at d-axis, stator voltage at q-axis, and torque.
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In Figure 17a, we can see the stator current at 10% phase CA during shorted revolutions.
Figure 17a reveals that the malfunction occurs between 0.08 and 0.14 s. The d-axis stator
voltage during 10% phase CA shorted turns is shown in Figure 17b. The problem in the
stator voltage is shown in the figure to manifest between 0.085 and 0.115 s after the fault
has occurred, whereas the stator voltage was apparently flowing properly beforehand.

The q-axis stator voltage during 10% phase CA shorted turns is shown in Figure 17c. A
problem formed in the stator voltage along the q axis between t = 0.08 and 0.115 s, as shown
in Figure 17c. Torque at 10% CA phase short turns is seen in Figure 17d. Figure 17d shows
that the fault arises between 0.01 and 0.02 s after the torque reaches its maximum value of
0.005 p.u. Similarly, both the 20% and 50% models’ phase CA operations are analysed.

Figure 18 represents the Is, Vs at the d-axis, Vs at the q-axis, and torque at 10%
unhealthy phase ABC circumstances. Figure 18a illustrates the Is at 10% phase ABC shorted
turns. Figure 18a reveals that the malfunction takes place between 0.07 and 0.13 s. Voltage
at the d-axis of the stator at 10% shorted turns in phase ABC is shown in Figure 18b.
The problem in the stator voltage is shown in the figure to manifest between 0.085 and
0.115 s after the fault has occurred, whereas the stator voltage was apparently flowing
properly beforehand.

In Figure 18c, we can see the q-axis stator voltage at 10% ABC phase shorted turns.
Figure 18c shows that there was no initial voltage disturbance along the q axis of the stator,
but that a fault developed between t = 0.07 and 0.12 s. There is a 10% increase in torque for
short turns in phase ABC, as seen in Figure 18d. Initially, the torque achieves its maximum
value of 0.005 p.u., as shown in Figure 18d, and the fault emerges between 0.01 and 0.02 s
later. The 20% and 50% models’ ABC phase operations are analysed with the same attention
to detail.
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5.3. Performance Analysis

Accuracy, precision, recall, and specificity are some of the metrics of performance
covered in this section. All types of interturn defects may be identified and categorised with
the help of the suggested method. Existing methods such as ANFIS, RNN, and SSAANN
are compared to the suggested strategy’s implementation. When 50 and 100 trials have
been completed with interturn faults, the performance characteristics of the suggested
approach are analysed.

The results of a comparison between the proposed method and the current method
for handling an interturn fault are shown in Table 2. Measures of effectiveness, including
accuracy, specificity, recall, and precision, for both the current method and the proposed
one are listed in Table 2. ANFIS has 0.55% accuracy, 0.50% specificity, 0.60% recall, and
0.52% precision. RNN has 75% specificity, 75% recall, 75% accuracy, 80% precision, and
72% accuracy. SSAANN has a precision of 0.82, a recall of 0.90, a specificity of 0.80, and
an accuracy of 0.85. The proposed has a 0.95 accuracy, 0.9 specificity, 0.9% recall, and
0.9% precision. The results of a 100-trial analysis of the suggested method against the
status quo during an interturn fault are shown in Table 3. ANFIS has a 0.6 accuracy,
0.53/0.57 specificity, 0.57/0.57 recall, and 0.55/0.55 precision. RNN has a sensitivity of
0.63, specificity of 0.65, recall of 0.60, and precision of 0.65 in its predictions. Accuracy,
specificity, recall, and precision are 0.8, 0.75, 0.85, and 0.72with SSAANN. Proposed has
a 90% accuracy, 85% specificity, 80% recall, and 95% precision. Tables 2 and 3 show that
the suggested approach outperforms conventional methods on a variety of performance
metrics. The value of accuracy is calculated using the formula shown in Equation (30).

Accuracy = (TP + TN)/(TP + FP + TN + FN) (30)

5.4. Statistical Analysis

Subsequently, we analyse the statistical metrics, including RMS error, maximum
absolute percentage error, minimum bias estimation, and average consumption time. The
suggested method provides a precise analysis of interturn defects. The suggested method
is implemented and then compared to other methods already in use, such as ANFIS,
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RNN, and SSAANN. For both 50 and 100 trials with interturn faults, the performance
characteristics of the suggested method are analysed. A statistical analysis of the suggested
method vs the current method is performed. The RMS error is a measure of the efficiency
of the forecasting procedure. The mean-squared deviation indicator is MBE. MAPE is a
language of precision indicators.

Table 2. Comparative Analysis for 50 No. of Trials (During ITF).

Performance Measures ANFIS RNN SSAANN Proposed

Accuracy 0.54 0.76 0.86 0.96
Specificity 0.49 0.69 0.79 0.9

Recall 0.59 0.81 0.91 1
Precision 0.51 0.73 0.83 0.89

Table 3. Comparative Analysis for 100 No. of Trials (During ITF).

Performance Measures ANFIS RNN SSAANN Proposed

Accuracy 0.61 0.7 0.8 0.9
Specificity 0.54 0.64 0.76 0.84

Recall 0.58 0.59 0.84 0.8
Precision 0.56 0.66 0.71 0.95

The statistical comparison between the suggested method with the established one
during an interturn fault is shown in Table 4. ANFIS’ RMSE is 26.4, whereas MAPE is 17.2,
MBE is 7.1, and TT is 7.8. Consumption time is 6.5 s, MAPE is 6.4%, MBE is 2.9%, and
RMSE is 18.9% for RNN. For SSAANN, the RMSE is 23.5, MAPE is 13.0, MBE is 5.1, and
consumption time is 8.0. Time to completion (in seconds): 5.2; MAPE: 1; MBE: 2.7; RMSE:
10. In Table 5, we see how the new method stacks up against the established one in the face
of an interturn defect throughout a hundred iterations. ANFIS’ RMSE is 29, MAPE is 18,
MBE is 10.1, and consumption time is 8. For RNN, the RMSE is 21.9%, MAPE is 7.4%, MBE
is 5.9%, and consumption time is 7. The RMSE, MAPE, MBE, and consumption time for
SSAANN are all 26.5, 14, and 8.3, respectively.

Table 4. Statistic Data Comparison for 50 Number of Trials (During Incipient Fault).

Model ANFIS RNN SSAANN Proposed

RMSE 26.3 18.8 23.7 10.2
MAPE 17.1 6.3 13 1
MBE 7 2.8 5.2 2.6

Consumption time 7.9 6.5 8.0 5.2

Table 5. Statistic Data Comparison for 100 Number of Trials (During Incipient Fault).

Model ANFIS RNN SSAANN Proposed

RMSE 29.3 21.8 26.4 13.6
MAPE 18.1 7.5 14.0 2.2
MBE 10.2 5.8 8.2 5.6

Consumption time 8 7 8.3 6

The proposed method has an RMSE of 13.5, MAPE of 2.25, MBE of 5.75, and consump-
tion time of 6. The suggested method’s fitness assessment and comparison to the current
method are shown in Figure 19. Fitness assessment using the suggested approach is shown
in Figure 19a. At 30 iterations, the suggested method reaches convergence. The fitness
graph contrasting the suggested method with the conventional one is shown in Figure 19b.
Compared to ANFIS’s 60 iterations, RNN’s 50, and SSAANN’s 42, the suggested method
successfully converges in 30 iterations.
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6. Conclusions

Using the CSSRN technique, this study examines the interturn insulation flaw in
an Asynchronous Motor (AM). The suggested method in this case entails two stages:
identification and categorization of the interturn insulation problem in the Asynchronous
Motor (AM). The SSA method is used to identify the best practices and produce high-
quality data sets. Using the completed dataset, RNNs are able to identify and characterise
IM interturn insulation faults in healthy and unhealthy situations. The MATLAB/Simulink
platform is used to implement the suggested method for identifying and categorizing fault
types. The execution of the suggested approach is validated under various conditions. A
number of trials werecarried out and performance metrics such as accuracy, recall, precision,
and specificity and statistical measures such as RMSE, MAPE, MBE, and consumption time
werecompared to existing techniques such as RNN, ANFIS and SSAANN. The proposed
CSSRN approach achieves convergence in 30 iterations, whereas ANFIS needs 60 iterations,
RNN needs 50, and SSAANN needs 42. As a future scope of the work, the suggested
approach shall be implemented and compared with other modern algorithms such as
LSTM networks, variational auto encoders, or convolutional networks.
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