A robust stator inter-turn fault detection in induction motor
utilizing Kalman filter-based algorithm
Citation for published version (APA):
Namdar, A., Samet, H., Allahbakhshi, M., Tajdinian, M., & Ghanbari, T. (2022). A robust stator inter-turn fault
detection in induction motor utilizing Kalman filter-based algorithm. Measurement: Journal of the International
Measurement Confederation, 187, [110181]. https://doi.org/10.1016/j.measurement.2021.110181

DOI:
10.1016/j.measurement.2021.110181
Document status and date:
Published: 01/01/2022
Document Version:
Publisher’s PDF, also known as Version of Record (includes final page, issue and volume numbers)
Please check the document version of this publication:
• A submitted manuscript is the version of the article upon submission and before peer-review. There can be
important differences between the submitted version and the official published version of record. People
interested in the research are advised to contact the author for the final version of the publication, or visit the
DOI to the publisher's website.
• The final author version and the galley proof are versions of the publication after peer review.
• The final published version features the final layout of the paper including the volume, issue and page
numbers.
Link to publication

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.
• Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
• You may not further distribute the material or use it for any profit-making activity or commercial gain
• You may freely distribute the URL identifying the publication in the public portal.
If the publication is distributed under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license above, please
follow below link for the End User Agreement:
www.tue.nl/taverne

Take down policy
If you believe that this document breaches copyright please contact us at:
openaccess@tue.nl
providing details and we will investigate your claim.

Download date: 09. Jan. 2023

Measurement 187 (2022) 110181

Contents lists available at ScienceDirect

Measurement
journal homepage: www.elsevier.com/locate/measurement

A robust stator inter-turn fault detection in induction motor utilizing
Kalman filter-based algorithm
Ali Namdar a, Haidar Samet a, b, *, Mehdi Allahbakhshi a, Mohsen Tajdinian a, Teymoor Ghanbari c
a

School of Electrical and Computer Engineering, Shiraz University, Shiraz, Iran
Department of Electrical Engineering, Eindhoven University of Technology, Eindhoven, the Netherlands
c
School of Advanced Technologies, Shiraz University, Shiraz, Iran
b

A R T I C L E I N F O

A B S T R A C T

Keywords:
Induction motors (IMs)
Stator inter-turn fault (SITF)
Voltage quality problem
Kalman filter (KF)

Today, due to the widespread utilization of Induction Motors (IMs) in different industries, their condition
monitoring is of great importance. Concentrating on the failures of IMs, it has been acknowledged that the stator
inter-turn faults (SITFs) are the most frequent electrical failures. This paper puts forward an algorithm for SITF
detection founded on Kalman Filter (KF). More specifically, the proposed algorithm employs KF to extract motor
current signatures (MCS) and motor voltage signatures (MVS). Afterward, a statistical SITF index is used, based
on the standard deviation of the extracted signatures. The proposed SITF index is technically robust against nonfault conditions including voltage quality problems and heavy load changes as well as has a significant perfor
mance in the presence of high measured noise-impregnated signals due to utilization of KF algorithm-based.
Moreover, during source harmonic pollutions, the proposed algorithm has a very robust performance. Also,
due to straightforward and low-computational mathematical basis, the proposed method is computationally
efficient. The performance of the proposed method is validated with numerous simulation and experimental
scenarios. The results indicate the proposed SITF index has robust performance, promising accuracy and good
speed of convergence.

1. Introduction
Induction Motors (IMs) as electromechanical energy conversion de
vices because of lower cost, strong construction, high reliability, and
wide range of speed have wider applications and critical role in in
dustries. However, some failures may occur in them due to different
mechanical, environmental, and electrical stresses [1]. Statistical re
ports on the failures of IM reveal that about 30%–40% of the electrical
failures are related to the stator-winding and the rest are dedicated to
the rotor [2]. The stator-winding faults may begin with Stator Inter-Turn
Fault (SITF) and without immediate detection they can be led to more
severe faults such as coil-to-coil, phase-to-phase, or phase-to-ground
faults [3]. When SITF occurs between two turns, the voltage difference
between these turns may overcome the insulating capacity and cause
insulation breakdown in the motor stator-windings. Eventually, an arc
and short circuit can be created in the entire coil. Therefore, detecting
the SITF at an early stage is very crucial for monitoring the healthiness of
the IMs.

For the detection of different stator-winding faults, numerous
methods have been proposed, generally classified into model-based,
signal-based, and artificial intelligence-based approaches [4].
According to Table 1, model-based methods are based on analytical
models (fuzzy logic models [5] generic models using neural networks
[6], and mathematical models) of the process to generate the normal
outputs. The generated normal outputs of analytical models compare
with the actual process outputs and generate residuals and faults are
detected base on this residual signal. Due to this complexity, the accu
racy of this model is usually not very good [7].
Compared to signal processing-based methods, they have insufficient
accuracy and high complexity in fault detection [8]. Signal-based ap
proaches can be broadly categorized into invasive and non-invasive
methods [9]. Different tools can be used for extracting the harmonic
components of signals in the frequency domain such as Fast Fourier
Transform (FFT) [10], time domain such as correlation functions [11],
and time–frequency domain such as Short Time Fourier Transform
(STFT) [12], and Wavelet Transform (WT) [13]. Among these tools, FFT
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Table 1
A qualitative comparison between different groups and the proposed method.
Method

Speed

Accuracy

Computational Burden

Need to additional sensor installation

Model-based
Signal-based

High
High
High
High
Very High

Low
Medium
High
High
Very High

High
High
Medium
Very High
Low

No
Yes
No
No
No

Invasive
Non-invasive
Artificial intelligence-based
Proposed method

is known as one of the most popular harmonic analyses for steady-state
conditions that may experience notable inaccuracy during dynamic
conditions. By mapping the signal in time and frequency domains, STFT
can be utilized for both steady-state and dynamic conditions. However,
STFT suffers from the utilization of a fixed-size window for analyzing all
dynamics with different frequencies, accurately. To overcome the
drawbacks of STFT, Wavelet Transform (WT) with a variable-sized
window has been recommended as a time–frequency domain tech
nique. Unfortunately, WT has a hypersensitivity to mounted noise on the
signal and needs different sampling frequencies for different frequency
sub-bands. Moreover, it has several other important shortcomings in
analyzing the harmonic components such as different types of decom
position approach (DWT and WPT)، dependence on the number of levels
and type of wavelet as well as its orders and method of approximating
the analytical signal (via FFT or FIR). In this way, owing to the failure of
FFT in dynamic conditions such as SITF and the mentioned drawbacks of
the WT, it is suggested to utilizing the Kalman Filter as a suitable and
efficient option to cover all the weaknesses of other techniques espe
cially the ability to analyze the harmonic components of noiseimpregnated signals.
In the invasive methods, the required signals of the algorithms are
extracted by additional sensors which are needed physical connection
with the electrical machine, and compared to non-invasive methods,
they have less accuracy in fault detection. The signals used in this
category include the following:
Acoustic noise [14]: Generally, the noise spectrum of IM includes air
conditioning noise and electromagnetic motive noise. Installed sensors
may be mistaken for weak faults due to the influence of adjacent
equipment [9].
Stator frame vibration [15]: The main cause of vibration in the stator
frame is the resonance between the electromagnetic force and the stator.
The disadvantages of this index are low accuracy in the detection of
weak faults and highly cost [9].
Temperature [16]: Another quantity that changes when a SITF oc
curs is the winding temperature which can be detected by installing the
sensor which must be electrically insulated. This index cannot detect
weak faults and also has low reliability. Due to installation obstacles,
temperature monitoring of the motor are only used in large machines
[9].
As an overall trend, some of the disadvantages of the invasive
methods compared to the non-invasive methods are low reliability,
weak performance in fault detection, high cost, and disturbing normal
operation due to sensor installation [9].
Many indicators can be used in non-invasive methods such as the
air–gap torque [17], instantaneous electrical power [18], negative
sequence of stator currents [19], stator current zero-crossings [19],
instantaneous frequency [20], instantaneous total harmonic distortions
(ITHDs) [21], stator currents envelope [22]. The required features of
these indicators are extracted from MCS and MVS.
These mentioned indicators in the non-invasive category are wellknown for the detection of SITF. But, some of them have overlaps be
tween the signatures related to fault conditions and some other similar
conditions including heavy load variation and voltage quality problems
[23]. For instance, the air–gap torque [17] and the negative sequence of
stator currents [19] indicators have not robustness to an unbalanced
voltage source. Also, instantaneous electrical power [18], stator current

zero-crossings [19], instantaneous frequency [20], and instantaneous
total harmonic distortions (ITHDs) [21] indicators have maloperation in
distinguishing between faulty and other conditions such as voltage sag
and voltage swell problems.
Some other methods for the detection are based on artificial intelli
gence like fuzzy logic [24], evolutionary algorithms [25], and artificial
neural networks [26]. There are two main drawbacks in this category
including the need for a massive dataset for the training and the inability
of self-learning without feature extraction. Although the methods based
on deep learning [27] have addressed this shortcoming, however, they
still require a huge dataset.
According to Table 1, it can be comprehensively inferred that the
model-based methods have low accuracy and the signal-based (invasive)
ones due to the installed sensors cannot detect weak faults well. To
overcome the problems of this category, it is recommended to use signalbased methods (non-invasive). One of the most important disadvantages
of methods based on artificial intelligence is their highly computational
burden. As an overall trend, The proposed method which is one of the
signal-based (non-invasive) category is able to eliminate the disadvan
tages of the other methods and show much higher accuracy.
Owning to the importance of the IM healthiness, this paper puts
forward an efficient algorithm for the SITF detection. The proposed
method utilizes MCS and MVS to robustly detect the SITF, minimizing
the interference with other possible transient disturbances. The pro
posed method is founded on the deviation of post-disturbance signal
from pre-disturbance signal which is ideally assumed a sinusoidal
waveform. The main points regarding the proposed method are as
follows:
• Assuming the pre-disturbance current and voltage signals are ideally
sinusoidal, the SITFs create some distortions in the signals. There
fore, in this paper, recursive and straightforward formulation based
on KF is presented to extract the fundamental component of motor
stator current and voltage signals.
• Once a change occurs, the signal may deviate from pre-disturbance
condition. Using the residual signals which are calculated using the
difference between the stator measured signals and the estimated
fundamental component, the fault can be identified. In this paper, an
index based on the standard deviation of the residual signal is
introduced that can detect the SITFs in IMs. In the fault condition, the
index exceeds a predefined threshold, which is used for the
detection.
• The method may face maloperation in some other similar conditions
such as voltage quality problems of the source (i.e. voltage sag,
voltage swell, voltage imbalance, and harmonics in voltage supply)
due to the common signatures. In order to prevent the maloperation
in non-fault conditions, an auxiliary index based on the voltage
signal is utilized. As a result, unlike [20], the proposed method has
the robustness and also comprehensiveness in dealing with the nonfault condition. Considering the recursive formulations, the proposed
method has low complexity and fast response as well as compre
hensives in dealing with various challenging circumstances.
Considering the discussion in Table 1, the main contributions of the
suggested method are as follows:
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• The magneto-motive forces generated by the stator and rotor phases
propagate sinusoidally along the air gap.
According to Fig. 1, the equations for the stator and rotor circuit of
IMs in SITF condition are written as follows:
Vabcs = [Rs ]Iabcs +

0 = [Rr ]Iabcr +

1 d

ωb dt

1 d

ωb dt

ψ abcs − [Za ]If

(2)

ψ abcr

Rf If = βRs Ia s − βRs If +

1 d

ωb dt

(1)

ψf

(3)

where Vabc , Iabc ,ψ abc and β are three-phase voltage, three-phase current,
three-phase flux linkage per second, and the ratio of the shorted turns to
the total number of turns in one phase, respectively. Also, [Rs ] =

diag[Rs Rs Rs ], [Rr ] = diag[Rr Rr Rr ], [Za ] = [βRs 0 0]T . It should be noted
that the subscripts of s, r and f are related to the stator, rotor, and fault,
respectively.
The flux linkages (per second) of (1)–(3) are calculated as follows:
[ ]
ψ abcs = [Xss ]Iabcs + [Xsr ]Iabcr − Xsf If
(4)

Fig. 1. Three-phase stator winding with SITF on A-phase.

1. Robustness to non-fault conditions including voltage quality prob
lems (voltage sag, voltage swell, unbalanced voltage, voltage fluc
tuation due to capacitor switching and parallel motor switching) and
heavy mechanical load changes.
2. Straightforward and low computational mathematical.
3. Capable of detecting the inter-turn faults in the presence of source
harmonic contaminations.
4. Significant ability to detect faults in the presence of Gaussian noise.
5. No need for installing an additional sensor.
6. Having high accuracy and speed.

ψ abcr = [Xsr ]T Iabcs + [Xrr ]Iabcr −
[

]T

[

[ ]
Xrf If

]T

ψ f = Xsf Iabcs + Xrf Iabcr − Xff If

(5)
(6)

where [Xss ], [Xrr ] and[Xsr ] are matrices including the stator and rotor self
reactances and their mutual reactance, respectively. Also, [Xsf ],[Xrf ]and
Xff are vectors of the mutual reactance of stator winding and the faulty
turns, mutual reactance of the rotor winding, as well as the faulty turns
and self-reactance of the faulted turns, respectively.
The transient speed ωr and electromagnetic torque Te are as follows:

The rest of the paper is organized as follows: In Section 2, a mathe
matical model of the IMs considering STIF and fault resistance (Rf ) is
presented. Section 3 describes the structure and process of KF and as
well as the proposed method in more detail. The validation of the pro
posed method using simulation data is verified in Section 4. In Section 5,
the performance of the proposed indices with experimental data is
investigated. In Section 6, the effect of some important parameters on
the proposed index will be discussed and Section 7 fairly compares the
performance of the proposed method with other similar methods. Sec
tion 8 provides the conclusion of this paper.

d ωr P Te − TL
=
dt ωb 2
J

(7)

P
1 d
P 1 d [ ]
Te = Iabcs T
X I
[X ]I − I
2
ωb dθr sr abcr 2 f ωb dθr rf abcr

(8)

where TL is the load torque, J rotor inertia and P is the number of poles.
By applying (9) to (1)–(8), voltage, current, and flux linkage equa
tions will be as follows:
(
)
(
)
⎡
2π
2π ⎤
cos(θ) cos θ −
cos θ +
⎢
3
3 ⎥
⎢
(
)
(
)⎥
⎢
⎥
⎢
2π
2π ⎥
Ks = ⎢ sin(θ) sin θ −
(9)
⎥
sin θ +
⎢
3
3 ⎥
⎢
⎥
⎣
⎦
1
1
1
−
−
−
2
2
2

2. Mathematical model of induction motor with SITF
Introducing a model of IMs is an important subject to illustrate the
variables changes in different motor operating conditions and to verify
the performance of fault diagnosis approaches. Hence, in recent decades,
a large number of models for IMs have been proposed [28]. In this
research, a qd0 model by adding fault resistance (Rf ) and some minor
changes is presented [29].
It should be noted that this model is based on the following as
sumptions [30]:
• The temperature of the motor stays constant. In this way, the pa
rameters of the motor do not change.
• The magnetic field is not saturated and it also has a constant
permeability.
• The notching effects and generating space harmonic can be ignored
due to the thickness of the air gap is assumed to be constant.
• The hysteresis, skin, and eddy effects are not considered.

Vabcs = Ks − 1 Vqd0 s

(10)

Iabcs = Ks − 1 Iqd0 s

(11)

ψ abcs = Ks − 1 ψ qd0 s

(12)

Iabcr = Ks − 1 Iqd0 r

(13)

ψ abcr = Ks − 1 ψ qd0 r

(14)

Vqd0 s = [Rs ]Iqd0 s +

3

1 d

ωb dt

ψ qd0 s − Ks [Za ]If

(15)
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Table 2
Accomplished scenarios in simulation and experimental studies.
Fault scenario

Inter-turn fault (β = 0.05)

Voltage quality
problems

Voltage sag 20%
Voltage swell 10%
Unbalanced voltage source 2.64%
Capacitor switching with increasing the powe factor from
0.74 to 1
Prallel motor switching
Load changes from 0.7 p.u to 1.5 p.u

Load growth

0 = [Rr ]Iqd0 r +

1 d

ωb dt

ψ qd0 s −

ωr
ψ
ωb qd r

(16)

(
) (
)
d
0 = βRs Iq s + I0s − βRs + Rf If + ψ f
dt

(17)

In these equations, Vqd0 , Iqd0 and ψ qd0 denote three-phase voltage,
three-phase current, and three-phase flux linkage per second in the qd0
]
[
reference frame, respectively. In addition, Ks [Za ] = 23 βRs 0 13 βRs . The

Fig. 2. The Kalman Filter procedure.

flux linkages (per second) equationsψ in qd0 reference frame are written

⎤
2 2
⎢ Am Xms + 3β Xls ⎥
0
⎥
⎢
⎥
⎢
0 ⎦Iqd0 r − ⎢
− Bm Xms
⎥If
⎥
⎢
0
⎦
⎣
1 2
β Xls
3
⎡

⎡
[

]

Xs

ψ qd0 s = Ks [Xss ]Ks − 1 Iqd0 s + Ks [Xrr ]Ks − 1 Iqd0 r − Ks Xsf If →ψ qd0 s = ⎣ 0

0

T

− 1

ψ qd0 r = Ks [Xsr ] Ks Iqd0 s + Ks [Xsr ]Ks

− 1

⎡
Xr
]
Iqd0 r − Ks Xrf If →ψ qd0 r = ⎣ 0
0
[

0
Xs
0

0
Xr
0

⎤

⎡

0
Xm
0 ⎦Iqd0 s + ⎣ 0
Xls
0
⎤
⎡
0
Xm
⎦
0 Iqd0 r + ⎣ 0
Xlr
0

0
Xm
0

0
Xm
0

⎤

⎤
⎡
⎤
0
Am Xms
⎦
⎣
0 Iqd0 s −
− Bm Xms ⎦If
0
0

⎤T
2 2
⎡
⎤T
⎢ Am Xms + 3β Xls ⎥
A X
⎥
[ ]T − 1
[ ]T − 1
3⎢
3 ⎣ m ms ⎦
⎢
⎥
ψ f = Xsf Ks Iqd0 s + Xrf Ks Iqd0 r − Xff If →ψ f = ⎢
− Bm Xms
− Bm Xms Iqd0 r
⎥ Iqd0 s +
⎥
2⎢
2
0
⎦
⎣
2 2
β Xls
3

(18)

(19)

⎡

as follows:

component, the following components appear in the air–gap flux den
sity, consequently, these components are induced in the stator current
[31].
]
[
n
(23)
fSTIF = f0 (1 − s) ∓ k
p

where Xs = Xls + 32Xms , Xr = Xlr +32Xms and Xm = 32Xms . Also Xls , Xlr and Xms
show stator leakage reactance, rotor leakage reactance, and magnetizing
reactance. Moreover, Am and Bm are introduced in Tables 1 and 2 of [29]
which are constant values.
In the end, the electromagnetic torque Te in qd0 reference frame can
be represented as:

Te =

(21)

where f0 , p, s and fSTIF denote the fundamental frequency, the number of
pole pair, motor slip, and SITF components relevant to the shorted of

[ ]
)T 1 d[Xsr ] − 1
)
]
P( − 1
P 1 d Xrf
3P [ (
Ks Iqd0 s
Xm Iq s Id r − Id s Iq r + Xdrf Iq r If − Xqrf Id r If
Ks Iqd0 r − If
Ks − 1 Iqd0 r =
2
2 ωb dθr
4ωb
ωb dθr

(22)

order n = 1, 2, 3, ⋯ respectively. Also, k = 1, 3, 5, ⋯ is the order of stator
time harmonics.
To investigate the behavior of the SITF components, the fundamental
component must be separated from the other components. Therefore, in
the proposed approach, a slow dynamic KF is employed for estimating
the frequency components of the stator voltage and current signals.

where Xdrf = − Bm Xms and Xqrf = Am Xms
3. The suggested method for SITF detection in IMs
In general, when STIF occurs, in addition to the fundamental
4
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represent the phase of harmonic nth and random noise, respectively.
Equation (24) can be rewritten in discrete form as follows:
(25)

Snm = An cos(ωn mTs + φn ) + μm

where parameters Ts and m are the sampling period and number of each
sample.
To define the states of KF, a recursive relationship based on trigo
nometric identities as follows:
Sn(m+1) + Sn(m−

1)

(26)

= 2cos(ωn Ts ) + ψ nm

where ψ nm represent the possible model error with zero average which
includes slight amplitude, phase, or frequency deviations. It should be
considered that the measured signal might be affected by noise or other
disturbing factors. So:
(27)

Vm = xnm + μm

In order to estimate the fundamental component of a signal with the
Kalman filter, it is necessary to write the equations in the state space
form by using the Eqs. (26) and (27), which is as follows:

Fig. 3. The implementation procedure of the proposed SITF index.

Xn(m+1) = Mn Xnm + bψ nm
Vm = H T Xnm + μm
where Xnm = [Snm Sn(m−

1) ]

(28)
T

[
, Mn =

]
2cos(ωn Ts ) − 1
, b = [1
1
0

0 ]T and

h = [ 1 0 ]T .
According to the equations mentioned above, a classical iterative KF
based on the following algorithm has been used to estimate the funda
mental component of the signal and its algorithm is shown in the
flowchart form in Fig. 2.
−

̂
i. Initial estimation for state vector and its error covariance ( X
nm
and P−nm )
ii. Compute the Kalman Filter gain at the sample time m: Knm =
(P−nm h/(hT P−nm h + rm ))

̂+ = X
̂ − +Knm (Vm −
iii. Update the estimate with measurement X
nm
nm
}
}
{
{
−
1
−
̂ =̂
̂ ) where qm = E ψ 2 , rm = E μ2 . X
E{Xnm |Vk− 1 , ⋯,
hT X
nm
m
nm
nm

̂ nm |Vk , ⋯, V1 } are priori estimate of sate vector
̂ + = E{X
V1 } and X
nm
Xnm at the sample time m using the observation V1 to Vk− 1 and
posterior estimate of this state vector after using themth obser
vation Vk , respectively.
T −
iv. Update the error covariance using P+
nm = Pnm − Knm h Pnm where,
+
−
Pnm and Pnm are Priori and Posteriori error covariance matrixes,
respectively.
̂ n(m+1) = Mnm X
̂ nm , P
̂ n(m+1) = Mn P+ MT +
v. Project the state ahead: X
nm n
bqm bT
vi. Return to 2

Fig. 4. The threshold selection process using Otsu thresholding method. (a)
PDF curves of normal condition and fault condition for selecting a threshold
value of current index (b) PDF curves of voltage quality problem and fault
condition for selecting a threshold value of voltage index.

Afterward, the residual signals are calculated using the difference be
tween the stator measured signals and the estimated fundamental
component to detect the SITF. In the following, the KF formulations for
the fundamental component are described.

In general, there are two main parameters in KF which determine the
dynamic response and accuracy of the filter. These parameters are sta
tionary process model (qm = q) and stationary observation (rm = r). In
order to estimate the fundamental component of signals with desirable

3.1. Kalman filter structure and process in the fundamental component
estimation
To construct the structure of KF, a mathematical model of signal in
state space is required. The stator signals of the IMs may change under
different conditions such as SITF, load changes, and power quality
problems. In this way, it can be assumed to include some frequency
components as follows:
N
∑

x(t) =

An cos(ωn t + φn ) + μt

(24)

n=1

wherex is stator measured signals, A is the amplitude of the signal, N is
harmonic order, ωn = 2nπf0 is the angular frequency of harmonic nth as
well as f0 is the fundamental frequency. Also, parameters φn and μt

Fig. 5. Actual and estimated fundamental component of the current signal.
5
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speed and accuracy, the values and the ratio of these two parameters
must be adjusted.

fault, because some other conditions like load growth may have the
same signatures. Therefore, the signatures of the other components
should be considered. The main focus of the proposed algorithm is on all
the components of the current except the fundamental. So, at the onset,
the fundamental component of the current is estimated using the Kal
man filter and according to Eqs. (29) and (30) it is subtracted from the
original signal and it is considered as a residual signal of current.

3.2. Implementation of the proposed algorithm
When an STIF occurs, many physical and electrical quantities such as
stator current components change. In this situation, just the funda
mental component of the current does not indicate the signatures of the
Table 3
KF performance evalution for different values of q and r.

6
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Fig. 6. Performance of the proposed indices based on simulation result for an inter-turn fault (β = 0.05), (a) actual and estimated fundamental component of the
current signal, (b) current residual signal, (c) the current index, (d) actual and estimated fundamental component of the voltage signal, (e) voltage residual signal, (f)
the voltage index.

rv = vs − sv50Hz

(29)

4. The performance evaluation using some simulations

ri = is − si50Hz

(30)

In this paper, to investigate the dynamic fault behavior, a threephase IM with 0.75KW, 220 V, 4 poles and 50 Hz is simulated accord
ing to the Eqs. (15) to (22) in MATLAB/SIMULINK. The specifications of
the scenarios are provided in Table 2.
According to Fig. 3, the stator currents and voltages of the motor
were captured from the simulink with a sampling time of 128− μs. Af
terward, a sliding data window with a length of 156 samples equivalent
to one cycle (20 ms) is utilized for the data analysis. The window is
updated cycle by cycle and the fundamental components of the stator
current and voltage corresponding to each window are extracted via a
KF with (q = 10− 6 and r = 10− 3 ). Finally, the standard deviation of the
residual signals is calculated. It should be noted that the threshold
values for Thi and Thv are selected 0.02 and 0.03, respectively based on
Otsu thresholding method [32] in 450 simulation cases and 50 practical
cases including inter-turn fault, voltage quality problems, and me
chanical load growth.
The implemented process of Otsu thresholding method includes
three main steps as follows.

where rv and ri are residual signals of stator voltage and current,
respectively. Also, vs and sv50Hz represent the measured phase stator
voltage and its fundamental component which are estimated by KF as
well as is and si50Hz are defined similarly. At the final step, the standard
deviation of the residual signals is introduced as fault detection index
according to the following equation:
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
√N
√∑
√ (xij − μj )
√ i
(31)
σj =
N
where σj , N, xij and μj denote the standard deviation of j-th window of
data, the number of window’s samples, i-th sample of of j-th window of
data and the mean value corresponding to j-th window of data
respectively.
It should be noted that in the other conditions such as voltage quality
problems, the performance of the index is similar to the faulty condition,
hence, to prevent this maloperation, the stator voltage and the standard
deviation of its residual signal are utilized as input to the algorithm and
auxiliary index, respectively.
Moreover, to complete this algorithm, it is necessary to define two
thresholds for voltage and current indices which should be selected
based on simulation and experimental results in different conditions.
When a fault occurs, the current index exceeds its threshold value and
the voltage index is less than its threshold value at the same time
whereas if both of the voltage and current indices exceed their defined
thresholds, this can be considered as voltage quality problems. If none of
the above scenarios occur, the motor is in normal operating condition.
The flowchart of this algorithm is presented in Fig. 3.

1. A probability function density (PDF) is assigned to each of the cur
rent and voltage indices in each scenario.
2. A curve with a normal Gaussian function is fitted to each scenario.
3. The intersection point of the two PDF curves in the desired scenarios
is selected as the threshold.
As seen in Fig. 4(a), the PDF curves of normal condition and fault
condition have an intersection point in 0.02. Therefore, Thi = 0.02 is a
suitable value threshold in the current index for discriminating interturn fault from the normal condition. Moreover, according to the
simulation and practical results, the performance of the current index is
7
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Fig. 7. Performance of the proposed indices based on simulation result for a coil-to-coil fault (β = 0.1) in a voltage distortion with THD = 5.2%, (a) actual and
estimated fundamental component of the current signal, (b) current residual signal, (c) the current index, (d) actual and estimated fundamental component of the
voltage signal, (e) voltage residual signal, (e) the voltage index.

similar to voltage quality problems. To prevent this malfunction, the
voltage index is utilized as an auxiliary index. In fault conditions, the
voltage and its corresponding index have slight changes as normal
condition whereas, in voltage quality problem cases, the voltage index
changes significantly. Therefore, Otsu thresholding method has been
used to differentiate the fault criterion changes from voltage quality
problems by selecting an appropriate threshold. According to Fig. 4(b),
Thv = 0.03 can be an appropriate value threshold in voltage index for
having a robustness performance against the voltage quality problems.
In KF, there are two main parameters which the dynamic response
and accuracy of the KF are dependent to them. These parameters are
measurement noise covariance (r) and process noise covariance (q)
which includes slight amplitude, phase, or frequency deviations.
It should be noted that the values of these two parameters determine
the accuracy of the estimated states by KF and also the ratio of these two
parameters affects the KF delay.
The delay in the KF means how long does it take that estimated state
by the KF follows the measurement signal. As shown in Fig. 5, the black
signal is the stator current with the fundamental frequency and the red
signal denotes the estimated signal of the fundamental component by
the KF. The red signal follows the black after half a cycle (0.01 s) and
after that the difference between the two signals reaches an acceptable
value. So, here the delay is 0.01 s.
The accuracy of the KF is determined by (32) which represents the
Mean Square Error (MSE).
MSEj =

N
1 ∑
(ias − si50Hz )2j
N i=1

(observed value) and estimated fundamental component (estimated
value), respectively.
To evaluate the performance of KF, the MSE and delay for values
10− 1 to 10− 6 of q and r as the typical covariance values are calculated
and the results are provided in Table 3.
To select the suitable value for q and r, a tradeoff must always should
be performed between the minimum delay and MSE. In this way,
considering Table 3, q equals 10− 6 and r equals 10− 3 has the lowest
delay (about 0.01 s) and also the appropriate MSE about of 0.05
compared to the other cases. It should be noted that although in other
cases such as q equals 10− 6 and r equals 10− 1, the MSE is 0.038 and has a
lower value than 0.053, but its delay is more than 0.0096. As an overall
trend, the selection of q equals 10− 6 and r equals 10− 3 can be suggested
as a suitable tradeoff among the selected parameters of the KF.
4.1. Fault scenarios
This section investigates the behavior of the proposed index in the
case of internal faults in the stator of the IM. Considering β as the
severity of the fault, several fault scenarios for β between 0.02 and 0.1
have been generated. Here, a typical inter-turn fault (β = 0.05) is pre
sented for presenting the mothod in more detail. The stator current and
voltage of phase A, their corresponding residual signals, and the pro
posed indices are illustrated in Fig. 6. As shown in Fig. 6(a), a minor fault
was applied in the phase A of the stator winding. By calculating the
residual signal, it can be observed in Fig. 6(b) that the distortions of the
fault current signals lead to creating some errors in the estimation and as
a result, the proposed index exceeds the threshold 0.02. On the other
side of the algorithm, when a SITF occurs, the voltage signal changes
slightly and the standard deviation of its residual signal changes from
0 to 0.001, but its value is less than 0.03 according to Fig. 6(d)-(f).

(32)

where MSEj , N, ias and si50Hz denote the Mean Square Error of j-th
window of data, the number of window’s samples, stator current
8
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Fig. 8. Performance of the proposed indices based on simulation result for an intermittent fault with Rf = 10Ω, (a) actual and estimated fundamental component of
the current signal, (b) number of shorted turns, (c) the current index.

In practice, the voltage supply may be contaminated with high-order
harmonic components. Obviously, some unwanted harmonic compo
nents result in distortions in the MCS and MVS even before the fault
inception. Since the proposed index is designed based on the measuring
distortions of the signals after disturbance inception, several case studies
were conducted to investigate the ability of the proposed algorithm in
presence of voltage supply contaminated with unwanted harmonic
components. Different level of total harmonic distortions THDs between
1% and 5% was fed to the voltage supply. In the following, the perfor
mance of the algorithm is studied to detect the coil-to-coil fault (β =
0.1) considering 5% THD in the voltage supply. As shown in Fig. 7, at
the moments before t = 1s, the residual signals of voltage and current
are not zero due to harmonic contamination in the voltage supply and
have a value and the current and voltage indices change from zero to
0.017 and 0.008, respectively, which are very close to 0.02 and 0.03 The
results in Fig. 7 indicate that with the selected threshold, the proposed
method is able to deal with unwanted harmonic components in voltage
supply up to THD = 5%. It is worth mentioning that the higher-order
level of harmonics can be dealt with using re-adjusting the thresholds.
Another challenge in SITF detection should be investigated is when
the fault signal is intermittent. In IMs, the electromagnetic efforts are
proportional to the square of the current passing through the windingbased Laplace forces equation. In such a way, the intermittent fault
such as arcing fault in IM has the most possible when the stator current is
near its peak value. Generally, an intermittent fault between the turns of
one phase is modeled with variable resistance. This fault resistance (Rf )
has small value when an inter-turn short cicuit happens and allows
current to flow between the shorted turns whereas in the absence of an
inter-turn short cicuit, the fault resistance value is very high. It should be
note that the value of fault resistance depends on the insulation damage
degree [33].
The results of intermittent are provided in Fig. 8. As seen in Fig. 8 (a),

two 1-turn short circuits occur at negative and positive current peaks
respectively and the current index at 0.998 s and 1.08 s exceeds 0.02.
Moreover, the voltage index has the same performance of permanent
SITF as previously discussed, which is less than its defined threshold
value (0.03) when an inter-turn short circuit occurs.
4.2. Voltage quality problems
Non-fault transient conditions profoundly affect the performance of
IMs. As a result, it is mandatory to investigate the performance of the
proposed index under the most frequent transient conditions that may
create ambiguity to inter-turn fault conditions. In the following, the
performance of the proposed index under voltage sag and voltage swell
are investigated. Figs. 9 and 10 represent the simulation results for
voltage sag 20% and voltage swell 10%.
In Fig. 9, it can be seen that in a time interval of t = 1s to t = 1.1s, a
voltage sag 20% has happened and according to Fig. 9(d) voltage of Aphase is changed from 1p.u to 0.8p.u . Moreover, the current index due
to voltage sag increases noticeably by about 0.4 in Fig. 9(c) and as shown
in Fig. 9(f), there is a growth of about 0.08 in the voltage index. Hence,
both the current and voltage index values exceed 0.02 and 0.03,
consequently a voltage quality problem is detected.
Similar results for a voltage swell 10% can be seen in Fig. 10. As it
can be observed in Fig. 10, a voltage swell 10% for 5 cycles has
happened and based on Fig. 10(d), the voltage of A-phase increases from
1 p.u to 1.1 p.u. Also, Fig. 10(c) and Fig. 10(f) represent the considerable
increases of 0.23 and 0.05 units in the current and voltage indices,
respectively. Therefore, the proposed algorithm robustly discriminates
such conditions from inter-turn faults in IMs.
Another possible voltage quality problem is imbalance voltage in
supply. To study such a condition, an unbalanced supply voltage of
2.64% is studied and the simulation results are shown in the. Fig. 11. It
9

A. Namdar et al.

Measurement 187 (2022) 110181

Fig. 9. Performance of the proposed indices based on simulation result for a voltage sag 20%, (a) actual and estimated fundamental component of the current signal,
(b) current residual signal, (c) the current index, (d) actual and estimated fundamental component of the voltage signal, (e) voltage residual signal, (e) the
voltage index.

Fig. 10. Performance of the proposed indices based on simulation result for a voltage swell 10%, (a) actual and estimated fundamental component of the current
signal, (b) current residual signal, (c) the current index, (d) actual and estimated fundamental component of the voltage signal, (e) voltage residual signal, (e) the
voltage index.
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Fig. 11. Performance of the proposed indices based on simulation result for an unbalance voltage 2.64%, (a) stator three-phase voltages, (b) three-phase voltage
indices, (c) stator three-phase currents, (d) three-phase current indices.

should be noted that in this condition, the stator voltage of phases A, B
and C change from 1 p.u to 1.02 p.u, 0.98 p.u, and 0.98 p.u. Also, the
voltage imbalance is expressed based on the following equation [34]:

Voltage imbalance =

voltage indices exceed their defined threshold values.
To complete the study of possible scenarios, the performance of the
proposed indices in the capacitor switching and parallel motor switching

maximum deviation from average phase voltage
× 100
average phase voltage

(33)

scenarios have been investigated and their results are shown in Figs. 12
and 13.
As presented in Fig. 12(a), Due to a capacitor switching with
increasing the power factor from 0.74 to 1, the current of the A-phase
has a slight transient oscillation and its residual signal changes in Fig. 12
(b) as a result of these oscillations and consequently, the current index
exceeds 0.02 for 5 cycles in Fig. 12(c). On the other hand, while these
transient oscillations occur as shown in Fig. 12(d), the residual voltage
undergoes a sudden jump and the voltage index exceeds 0.03 for one
cycle in Fig. 12(f). As a general trend, both current and voltage indices

As the three-phase stator voltages are shown in Fig. 11(a), an un
balanced voltage occurs which results in an increase in three-phase
voltage indices from zero to 0.07, 0.048, and 0.046 respectively which
all of them are greater than 0.03. Furthermore, according to Fig. 11(c)
and Fig. 11(d), the three-phase current has also changed and their cor
responding indices increase from zero to 0.041, 0.043, and 0.058
respectively and the index values exceed 0.02. As a general trend, it can
be argued when a voltage quality problem happens, both the current and
11
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Fig. 12. Performance of the proposed indices based on simulation result for a capacitor switching with increasing the power factor from 0.74 to 1, (a) actual and
estimated fundamental component of the current signal, (b) current residual signal, (c) the current index, (d) actual and estimated fundamental component of the
voltage signal, (e) voltage residual signal, (f) the voltage index.

Fig. 13. Performance of the proposed indices based on simulation result for a parallel motor switching, (a) actual and estimated fundamental component of the
current signal, (b) current residual signal, (c) the current index, (d) actual and estimated fundamental component of the voltage signal, (e) voltage residual signal, (f)
the voltage index.”
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Fig. 14. Performance of the proposed indices based on simulation result for a load change 80%, (a) actual and estimated fundamental component of the current
signal, (b) current residual signal, (c) the current index, (d) actual and estimated fundamental component of the voltage signal, (e) voltage residual signal, (e) the
voltage index.

Fig. 15. Experimental setup for detection of inter-turn fault.
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IM to create different loads for the motor.
Practical results with current and voltage indice in different sce
narios including faulty conditions, voltage quality problems, and load
growth changes are shown in Figs. 16–20, respectively. As seen in
Fig. 16(b), the practical results clearly follow the simulation results and
at t = 0.55s due to fault occurrence, some components are added to the
current residual signal and the current index exceeds 0.02. Furthermore,
according to Fig. 16(e)-(f), the voltage residual signal has negligible
changes and the voltage index value is approximately 0.017 which is less
than 0.03.
The results of some non-fault conditions such as voltage sag, voltage
swell, and unbalanced supply voltage are shown in Figs. 17–19. In
Fig. 17(d), a voltage sag of 20% occurs for 6 cycles as well as the voltage
and current residual signals based on Fig. 17(b) and Fig. 17(e) have
changed abruptly. Due to these sudden changes in the residual signals,
both of the indices have exceeded their defined threshold values which
are illustrated in Fig. 17(c) and Fig. 17(f).
In the next step, the practical results of a voltage swell of 10% are
investigated in Fig. 18. As shown in Fig. 18(d), the A-phase voltage
increased from 1 p.u to 1.1 p.u and consequently, the current and
voltage residual signals change according to Fig. 18(b) and Fig. 18(e).
Hence, the current index value increased from 0.0136 to 0.14 and the
voltage index value change from 0.021 to 0.058. Both the indices exceed
their thresholds, so, it is recognized as a voltage quality problem.
Another voltage quality problem as an unbalanced voltage of 2.8% is
studied in Fig. 19. This voltage imbalance has happened at t = 0.6s and
based on Fig. 19(a), the stator voltage of phases a, b and c changed from
1 p.u to 1.03 p.u, 0.95 p.u, and 0.95 p.u. As a result of this imbalance, in
Fig. 19(b) the voltage index values have reached 0.032, 0.033, and 0.37
which all three index values are greater than 0.03. Furthermore, the
three-phase currents also change and their corresponding indices have
increased from 0.014 to 0.027, 0.029 and 0.046 respectively in Fig. 19
(d).
To complete the study of the possible scenarios, the performance of
the proposed index under a load growth is investigated by the experi
mental results in Fig. 20. In this case, the A-phase current increases from
1 p.u to 2 p.u. according to Fig. 20(a) and consequently the current index
value change from 0.01 to 0.016 which is less than 0.02. Moreover, no
significant changes in voltage of A-phase is observed in Fig. 20(d).
Hence, the value of the voltage index remains approximately equal to
0.02. As a general trend, both the current and voltage index values are
less than their corresponding thresholds and this case can be considered
as a normal operating condition.

Table 4
IM parameters.
Output power

750 W

Rated voltage

220 V

Rated current

3.6 A

Rated frequency

50 Hz

Rated power factor cos(∅)

0.76

Rotor inertia

0.0025 Kg.m2

Number of poles
No load speed

4
1385 RPM

Stator winding resistance Rs

8.4 Ω

Referred rotor winding resistance Rr

8.2 Ω

Referred rotor winding leakage reactance Xlr

10.3 Ω

Stator winding leakage reactance Xls

10.3 Ω

Magnetizing reactance Xm

137.5 Ω

Fig. 16. Performance of the proposed indices based on the experimental result
for an inter-turn fault (β = 0.05), (a) actual and estimated fundamental
component of the current signal, (b) current residual signal, (c) the current
index, (d) actual and estimated fundamental component of the voltage signal,
(e) voltage residual signal, (f) the voltage index.

exceed their defined thresholds.
The results of similar probabilistic transient oscillations are illus
trated in Fig. 13. As presented in Fig. 13(a), parallel motor switching
happens at t = 1 s and current decreased from 1 p.u to 0.95 p.u.
Moreover, due to the occurrence of this switching, the current criterion
has increased approximately from 0 to 0.025 in Fig. 13(c).
Furthermore, when this switching occurs, the voltage changes from 1
p.u to 0.95 p.u in Fig. 13(d), and consequently, a growth of about 0.045
in the voltage criterion happens Fig. 13(f).

6. Effects of different parameters on the proposed index
This section evaluates the flexibility of the algorithm considering the
effects of different parameters including fault resistance, harmonic
contamination in the supply voltage, load growth rate, and noise effect.

4.3. Mechanical load growth
This section is dedicated to investigating the performance of the
proposed index under a load change. A load growth of 80% is investi
gated in Fig. 14. As observed, although the stator current had significant
changes from 1 p.u to 2 p.u, however, the current index value is less than
0.02. Besides, the stator voltage is changed slightly and the voltage
index is less than 0.03. It should be noted that in the case of light load
variations, the index values are insignificant.

6.1. Effect of fault resistance
In this case, the fault resistance is changed from zero to 300 ohms for
different β are investigated and the results are shown in Table 5.
The results of Table 5 are reported based on 450 different simulation
cases and 50 different experimental cases. As shown in Table 5, the
current index values of an inter-turn fault (β = 0.02) in fault resistance
ranges between 0 and 1 are almost constant and have a value equal to
0.096. But, in case of a high value of fault resistance (Rf = 100Ω), the
index value decreases to 0.0701. The investigations are performed for
the other fault intensities such as inter-turn faults from β = 0.005 to β =
0.07 and a coil-to-coil fault (β = 0.1). As can be seen, when one of the
stator winding’s 144 turns is shorted, the value of the current index from
fault resistance 0 to 1 ohm is approximately 0.032 and at very high fault
resistance (Rf = 100Ω), the value of the current index is 0.0245 which is

5. Performance evaluation using experimental data
For validation of the proposed fault detection method in practice and
confirm the simulation results, an experimental setup was used which is
illustrated in Fig. 15. In this setup, an IM according to the specifications
in Table 4, a data logger with a sampling-time of 128 µs for capturing the
MCS and MVS, and a three-phase autotransformer as a variable voltage
supply have been utilized. In addition, a dc machine is coupled with the
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Fig. 17. Performance of the proposed indices based on the experimental result for voltage sag 20%, (a) actual and estimated fundamental component of the current
signal, (b) current residual signal, (c) the current index, (d) actual and estimated fundamental component of the voltage signal, (e) voltage residual signal, (f) the
voltage index.

Fig. 18. Performance of the proposed indices based on the experimental result for voltage swell 10%, (a) actual and estimated fundamental component of the current
signal, (b) current residual signal, (c) the current index, (d) actual and estimated fundamental component of the voltage signal, (e) voltage residual signal, (f) the
voltage index.
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Fig. 19. Performance of the proposed indices based on the experimental result for an unbalance voltage 2.8%, (a) stator three-phase voltages, (b) three-phase voltage
indices, (c) stator three-phase currents, (d) three-phase current indices.

very close to the defined threshold (0.02). In this way, it is very
important to evaluate the sensitivity of the proposed method to short
circuit with an fault severity of less than 0.007.
According to the Table 5, in the fault severity of 0.01 and fault
resistance value of 200 ohm, the current index value is very close to 0.02
and eventually at fault resistance resistance 300 ohm, the value of the
current index doesn’t reach to 0.02. Furthermore, in the fault severity of
0.01 per fault resistance values of 200 and 300 ohm, the current index is
less than 0.02 and the suggested method is not able to detect such this
fault. As an overall trend, the detection limit of the proposed method is
selected 1 short-circuited turn (β = 0.007) and fault resistance value of
100 so that the algorithm does not malfunction for different values of
fault resistances.
Moreover, the value of the current index in each fault resistance
increases with increasing fault intensity. For instance, as β increases, the
current index enhances from 0.0931 to 0.1391 for fault resistance 1Ω. As
a result, the proposed algorithm has a robust performance for different
fault resistance considering different fault intensities.

voltage indices are less than their corresponding threshold. For detec
tion of a fault condition, it is only sufficient to have the current index
greater than 0.02 and the voltage index less than 0.03. However, if the
voltage supply has severe harmonic contamination, the value of the
current index before the fault occurrence moment may exceed 0.02 and
also the voltage index value after the fault occurrence moment may
exceed 0.03 which causes the malfunctioning in the proposed method.
Therefore, the harmonic contamination is acceptable if it does not lead
to maloperation in the proposed index. The results of this case are pre
sented in Table 6. It should be noted that Δi is the distance between of
threshold and current index before the disturbance occurrence and Δv
denotes the distance between the threshold and voltage index after the
fault occurrence.
As seen in Table 6, when THD increases from 0.3% to 5.2%, the
distance between current and voltage index before the disturbance
occurrence (Δi and Δv ) decreases but remains positive. However, when
THD reaches 6.5%, the values of Δi and Δv become negative which
means the initial values of current and voltage index are greater than the
threshold. Therefore, THD = 5.2% can be introduced as a threshold for
harmonic contamination situation in the voltage supply.

6.2. Harmonic contamination in supply voltage
As mentioned before, under normal conditions, both the current and
16

A. Namdar et al.

Measurement 187 (2022) 110181

Fig. 20. Performance of the proposed indices based on the experimental result for a load change 80%, (a) actual and estimated fundamental component of the
current signal, (b) current residual signal, (c) the current index, (d) actual and estimated fundamental component of the voltage signal, (e) voltage residual signal, (e)
the voltage index.
Table 5
Average current index value.

Table 6
Harmonic contamination effect on the proposed index.

6.3. Effect of load change

6.4. Effect of Gaussian noise

According to the explanations previously given in the load growth
scenario, both the current and voltage index values are less than the
threshold. Note that TL1 (p.u) and TL2 (p.u) denote the load values before
and after the change, presented in Table 7. As observed, all values of the
current index are less than 0.02 and consequently can be considered as
normal operating conditions.

In the power system, the measured signals are typically noiseimpregnated, and as a result, the performance of the proposed index
in the presence of Gaussian noises is investigated and the results are
presented in Table 8. According to Table 8, as the SNR value decreases
from 60db to 20db, the values of Δi and Δv decrease and finally at SNR =
15db, Δi and Δv values became negative. Therefore, the suggested index
17
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the equivalent impedance is normalized respect to reference value and
difference between the equivalent impedance and the reference value is
defined as fault detection criterion. At the end, by determining a
threshold, the criterion value is compared to the threshold value and
SITF is detected. The result of normalized impedance changes due to
faults for different fault severities are tabulated in Table 9.

Table 7
Current index value in different load growth rates.
TL1 (p.u)
0.7
0.2
0.6
0.5
0.6
0.3

TL2 (p.u)

Current index value

1.5
0.6
0.9
1
1.3
0.9

0.0166
0.0098
0.0084
0.0103
0.01437
0.01401

7.2. Instantaneous active and reactive power signature
In [18], by processing of active and reactive instantaneous powers
can detect the SITF of IM. Generally, this method focuses on the in
teractions between the existent harmonics in negative components of
stator current with the stator voltage in the fault condition. These in
teractions lead to some harmonics in the spectrum of instantaneous
active and reactive powers.
Since a SITF occurs, the instantaneous active and reactive powers
formulas of the IM can be as follows. The components 2f, 6f, 10f, etc are
present in the active and reactive power in addition to the DC compo
nent.
(
)
∞
∑
Isk − cos(2kωt − φk )
(34)
P(t) = Vs + Is + cos(φ) + Vs +

falls into maloperation. It should be noted that Ps and Pn denote the
power of signal and noise respectively.
6.5. Discussion
As an overall trend, considering the simulation and practical results
and performed sensitivity analyzes, it can be argued that:
1. The proposed algorithm can detect low-intensity faults (β = 0.02)
for high values of resistance (Rf = 100Ω).
2. Ability to detect inter-turn faults in the presence of source harmonic
pollutions even up to THD = 5.2% in the power systems.
3. A significant performance in the presence of measured noiseimpregnated signals even up to 20 db is illustrated in the proposed
method due to the utilization of the Kalman filter-based algorithm.
4. The proposed method technically has robustness to non-fault con
ditions including voltage quality problems (Voltage sag, Voltage
swell, Unbalanced Voltage, Voltage Fluctuation due to Capacitor
Switching and Parallel Motor Switching) and Heavy Load Changes.
5. Due to straightforward and low computational mathematical basis,
the proposed method is computationally efficient.
6. The proposed method has shown promising accuracy and suitable
delay in the detection of different conditions.

k=2n+1

(
Q(t) = Vs + Is + sin(φ) + Vs +

∞
∑

)
Isk − sin(2kωt − φk )

(35)

k=2n+1

The parameters of Vs + , Is + , Isk − , f and φ denote the positive compo
nent amplitude of stator voltage, positive component amplitude of stator
current, negative component amplitude of stator current of order k,
fundamental frequency and phase of signal.
According to Fig. 21(a) and Fig. 21(b), increase of 2f, 6f and 10f
frequency components in instantaneous active and reactive powers in
case of SITF (β = 0.05) can be seen.

Although the proposed approach has many positive points. However,
considering that the real system may be exposed to other noises such as
colored noise in addition to Gaussian noise, the performance of the
classic Kalman Filter will be slightly affected. To overcome this problem,
it is recommended to use other estimators from the Kalman filter family.

7.3. Instantaneous total harmonic distortions (ITHDs)
In [21], according to (23) and motor specifications, the frequencies
of the sidebands harmonics (isn ) are determined. Afterward, amplitudes
of the harmonics are estimated using the Kalman Filter. Eventually, the
calculated ITHD using following eqution is compared with a predefined
threshold. If the value of ITHD is greater than the threshold, SITF is
diagnosised.
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
i2s1 + i2s2 + ⋯ + i2sn
abc
ITHD =
(36)
i1

7. Performance comparison of the proposed method with some
other State-of-the-Art techniques
For a fair comparison between the proposed method and the other
methods, techniques based on MCS and MVS are considered. Here, the
results of another techniques based on MCS and MVS in the same
practical and simulation data as well as same conditions are
investigated.

The result of ITHD values due to faults for different fault severities
are tabulated in Table 10.

7.1. Impedance

Table 9
Normalized impedance changes ΔZ for different fault severities (β).

In [35], for detection of SITF, a technique based on the variation of
IM’s equivalent impedance has been caried out. In this method, equiv
alent impedance of IM in normal condition is defined as reference.
Owning to variation of the equivalent impedance in fault condition,
Table 8
Gaussian noise effect on the proposed index.
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β

0.04

0.06

0.08

0.1

ΔZ

0.005

0.006

0.012

0.019
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Fig. 21. Spectrum of signals relative to DC component in SITF (β = 0.05) case (a) Spectrum of active power, (b) Spectrum of reactive power.

Voltage swell, Unbalanced voltage, Voltage fluctuation due to Capicitor
Switching and Parallel Motor Switching), robustness to noise.
According to Table 12, although the [35] has a delay of 0.02 s and its
analyzing domain is time as well as is robusted to voltage imbalances.
But, its biggest drawback can be considered low accuracy in detecting
various conditions. To overcome this problem, the utilization of [18] for
detection of faults is recommended which has a suitable delay of 0.01 s
and better accuracy in simulation (82%) and practice (76%), but this
method due to the impact of selecting the appropriate window length in
FFT-based methods on the accuracy is unable to detect low intensites
faults and suffers from lack of robustness to voltage sag, voltage swell
and voltage transient fluctuations such as capicitor switching and par
allel motor switching.
In [21], although it uses only the current signal as the input of the
algorithm and also has a better accuracy of about 90% in simulation and
83% in practice. However it has no robustness to none of the voltage
quality problems scenarios and also high sensitivity to gaussian noise.
[20] has a much higher accuracy and its input signal is only current
and is robusted to gaussian, but it has a maloperation against the voltage
sag, voltage swell and voltage transient oscillations.
The proposed method with a low computational approach has been
able to solve the problems of other methods so that by changing in how
the data window is updated from one cycle to half cycle, the time delay
can be deceased to 0.01 s and show a very significant accuracy of about
94% in simulation and 91% in practice. It has also robustness to voltage
quality problems, gaussian noise and harmonic contamination in the
supply voltage.

Table 10
ITHD values for different fault severities (β).
β

0.03

0.05

0.07

0.1

ITHD

0.29

0.37

0.42

0.62

7.4. Instantaneous frequency (IF)
In [20], the variation of estimated Instantaneous Frequency (IF) has
been utilized for detection of SITF in IM. Comprehensively, it can be said
that the suggested method uses the signatures in both time and fre
quency domains.
At the onset, a empirical mode decomposition (EMD) is applied to
stator current and intrinsic-mode functions (IMFs) are extraced. After
ward, the first IMF of the EMD is selected and its IF is estimated using
adaptive IF estimation. The variation of the estimated IF (ΔIF) is utilized
as the criterion for the detection of SITF. Finally, if the IF value decreases
more than predefined threshold, the SITF is detected. In Table 11, the
results revlevant to variation of estimated Instantaneous Frequency (IF)
for different fault severities is provided.
7.5. Discussion
In this section, the performance of this proposed method with four
similar techniques is investigated from several aspects and the results
are tabulated in Table 12. These aspects include delay time, analyzing
domain, the required signals, accuracy for 450 simulation cases and 50
practical data case, robustness to voltage quality problems (Voltage sag,

8. Conclusion
Due to the importance of IMs in industries, the monitoring of the
healthiness of IMs is very essential. This paper concentrated on the SITF
detection in IMs. To this end, a Kalman filter-based approach was pro
posed to obtain MCS and MVS of the current and voltage signals
respectively. Afterward, the standard deviation of the residual signal (i.
e. the difference between measured and estimated signals) was intro
duced as a fault detection index. To enhance the robustness, the pro
posed method voltage quality problems, voltage signal was used as an
auxiliary signal. To evaluate this method, plenty of simulation and
experimental tests were performed and according to the results, the
performance of the proposed method was compared with some MCSbased and MVS-based methods. It was observed that the proposed
index has a robust performance for different fault resistance considering
different fault intensities. Moreover, the proposed index can deal with
the voltage quality problems such as voltage sag, voltage swell, unbal
anced supply voltage, and harmonic contamination in the supply
voltage. Furthermore, the proposed index has immunity against a wide
range of load changes. Eventually, the proposed method can operate in a
high level of noisy conditions. The main superiorities of of the proposed
method compared to the state-of-the-art algorithms include (a) the most
accurate in diagnosing conditions (b) capability of proposed method in
detection of faults in 0.02 s and even reduction to 0.01 s with a change in
how the data window is updated from one cycle to half cycle (c)
robustness to voltage quality problems. Given that the practical noises

Table 11
ΔIF value for different fault severities (β).
β

0.02

0.05

0.07

0.1

ΔIF

− 1.43

− 2.17

− 2.57

− 3.37

Table 12
Comparison of the proposed method with similar methods based on MCS and
MVS.
Comparative aspects

[35]

[18]

[21]

[20]

Proposed
method

Delay time (s)
Analyzing domain
The required signals
Accuracy for simulation (%)
Accuracy for practical data (%)
Robustness to gaussian noise
Robustness to
Voltage sag
voltage
Voltage swell
quality
Unbalanced
problems
voltage
Capicitor
switching
Parallel motor
switching

0.02
t
I-V
78
71
No
No
No
Yes

0.01
t-f
I-V
82
76
No
No
No
Yes

0.02
t-f
I
85
79
No
No
No
No

0.02
t-f
I
90
83
Yes
No
No
No

≤0.02
t-f
I-V
94
91
Yes
Yes
Yes
Yes

No

No

No

No

Yes

No

No

No

No

Yes
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are modeled as Gaussian noise usually. In this way, the KF is used as a
suitable tool for analyzing harmonic components in the presence of
noise. In practice, there may be another noises such as colored noise in
which case, the use of Extended KF, Unscented KF and even Particle
Filter for non-linear systems can be suggested.
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