
Received June 16, 2021, accepted June 21, 2021, date of publication June 25, 2021, date of current version July 5, 2021.

Digital Object Identifier 10.1109/ACCESS.2021.3092605

Diagnosis of Inter-Turn Faults Based on Fault
Harmonic Component Tracking in LSPMSMs
Working Under Nonstationary Conditions
ZAFER DOGAN , (Member, IEEE), AND KUBRA TETIK
Department of Electrical and Electronics Engineering, Tokat Gaziosmanpasa University, 60150 Tokat, Turkey

Corresponding author: Zafer Dogan (zafer.dogan@gop.edu.tr)

This work did not involve human subjects or animals in its research.

ABSTRACT Inter-turn faults are one of the most important issues in line-start permanent magnet syn-
chronous motors (LSPMSMs). To date, steady-state operating conditions of LSPMSMs have been analyzed
in studies focusing on diagnosing this fault. However, no studies have been conducted for nonstationary oper-
ating conditions, such as variable speed or variable load conditions, which are common in the industry. This
paper presents a novel approach for fault harmonic component (FHC) tracking based on transient-MCSA
to diagnose inter-turn faults in an LSPMSM operating under nonstationary conditions. First, the inter-turn
failure model of LSPMS was analyzed to show the fault effect on motor current, and the most dominant
inter-turn FHC in the order and frequency domains were determined. Then, using Gabor-OT, inter-turn
FHC signals were extracted from motor current signals in the frequency domain and reconstructed in the
time domain. Intrinsic mode functions (IMFs) were calculated by decomposing the reconstructed FHC
signals (RFHCSs) via ensemble empirical mode decomposition. Using the energies of RFHCSs, calculated
based on Gabor coefficients, and the Kullback–Leibler divergences of the selected IMFs, diagnosis of the
inter-turn faults and detection of the severity of the faults was performed. The results are in agreement with
the results in the literature, thus showing that the proposed method is a successful and useful means for
detecting inter-turn faults in LSPMSMs.

INDEX TERMS Ensemble empirical mode decomposition, fault detection, gabor-order tracking analysis,
line-start permanent magnet synchronous motors.

I. INTRODUCTION
A line-start permanent magnet synchronous motor
(LSPMSM) is a hybrid motor with the best features of per-
manent magnet synchronous motors (PMSMs) and induction
motors (IMs). Due to its advantages, such as line start without
the need for a power electronic converter like an IM and high
operational efficiency, LSPMSMs are increasingly replacing
IMs in industrial areas [1].

One of the most important faults of LSPMSMs is stator
winding faults, which account for approximately 36% of all
motor faults [2], [3]. Various techniques based on parameters
such as vibration [4], output torque [5], and current [1] have
been used for the diagnosis of this fault; motor current signa-
ture analysis (MCSA) is themost widely usedmethod [2], [6].
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When the research into detecting LSPMSMwinding faults
is examined, there are model-based approaches [7]–[9],
signal analysis methods [10], Artificial Neural Networks
(ANNs), and Deep Learning [1], [11], [12]. In these studies,
model-based approaches have been used most frequently.
In previous studies on the diagnosis of LSPMSM stator
winding faults [1], [7]–[12], the steady-state operating con-
dition of the motor was considered, however, no research
has been performed for nonstationary conditions. LSPMSMs,
like many other motors in today’s industrial environments,
drive mechanical systems under variable speeds (ramp) and
variable loads. Therefore, as the first research in this area, this
paper has focused on the diagnosis of inter-turn failures of an
LSPMSM operating under nonstationary conditions.

Due to the dynamic operating state caused by the hybrid
rotor structure comprising the cage and magnets, the sta-
tor winding faults of LSPMSM are very difficult to detect.
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In an LSPMSM with a winding fault, the asymmetries are
formed in rotor currents in the start-up, whereas a magnetic
flux is formed against the natural flux of permanent mag-
nets in the rotor in the steady-state; these situations produce
fault harmonic components (FHCs) in the motor current.
These FHCs can be detected with the conventional MCSA
in steady-state operating conditions of the motor [8], [11].
Because of the varying speed in an LSPMSM operating in
nonstationary conditions, since both the frequency and ampli-
tude of the current signal change over time, the detection of
FHCs cannot bemade using the conventionalMCSA. Instead,
the transient MCSA, as an extension of MCSA to transient
conditions [13], should be used to analyze transient current
signals in these conditions. The short-time Fourier transform
(STFT) [14], Hilbert-Huang transform (HHT) [15], wavelet
transform (WT) [6], Wigner-Ville distribution (WVD) [16],
and Gabor transform [17] are methods to analyse the non-
stationary signals. In these methods, a current signal in the
time-domain (1D) is converted into a spectrogram in the
t-f plane by special transform techniques [18]. However,
there are some difficulties in spectrogram-based analyses of
the signals of a motor operating under dynamic conditions.
If the spectrograms of these signals are obtained by calculat-
ing thewhole spectrum band through quadratic t-f transforms,
then cross-term artifact problems may occur, which causes
the loss of fault information due to the inability tomove actual
FHCs to the spectrogram produced [19]. These problems
create significant difficulties in the detection and diagnosis of
faults [18]. For the fault detection in a transient motor current
signal, these problems can be solved by analyzing only the
fault-related harmonic component of the signal, instead of
analyzing a whole spectrum band [13], [20]–[22]. In recent
studies, based on FHC tracking (FHCT) for fault diagnosis
of other rotating electric machines operating under nonsta-
tionary conditions, model-based methods [23], Vold-Kalman
filtering order tracking (VKF-OT) [16], frequency-tracking
algorithm [24], etc. have been used.

This paper presents a novel FHCT method based on
analysis of the motor current signals through Gabor order
tracking (Gabor-OT) and Ensemble Empirical Mode Decom-
position (EEMD) to diagnose inter-turn faults in an LSPMSM
operating under nonstationary conditions. In this FHCT
method based on transient MCSA, the waveform in the time
domain of the FHC of current signal is reconstructed, and the
reconstructed FHC signal (RFHCS) is obtained. Order track-
ing (OT) is an effective method to the FHCT in dynamic sig-
nals of rotary machines [25]. As described in [25] OT defines
the order spectrum as the normalization of the rotational
speed instead of a certain frequency. FFT-based OT [26],
Computed OT [27] and Time-Variant DFT-based OT [25],
which are classic OT methods, are non-reconstruction-based
methods [28]. Therefore, they offer limited possibilities to the
FHCT of a signal. VKF-OT [16], [28], and Gabor-O [29],
which are modern OT techniques, are reconstruction-based
methods. These methods are capable of reconstructing har-
monic orders in their time history and extracting a specified

frequency/order component. As time history allows instanta-
neous determination of values such as frequency and ampli-
tude at any time, any FHC of a signal can be easily traced
using these methods [14]. Although Gabor-OT and VKF-OT
are the most accurate techniques for nonstationary signal
analysis, their most important drawbacks are that they require
excessive calculations. In [30], where these twomethodswere
compared, it was stated that both methods are similar in terms
of analysis results. However, it is worth mentioning that as
it is clear in source [17], the Gabor-OT scheme is superior
for reconstruction as it produces higher-resolution RFHCSs
and gives smoother results than VKF-OT. In addition, the
Gabor-OT can accurately decompose the separation of close
and cross-order ratios and extract multiple-order ratios at the
same time [27]. Gabor-OT is one of the most convenient tools
for tracking the harmonics of nonstationary signals due to
these advantages [18]. Therefore, the Gabor-OT was used to
calculate the RFHCSs in this paper.

The RFHCS obtained via Gabor-OT for the FHCT of
LSPMSM is also a nonstationary signal [31]. To detect the
severity of the fault, the nonstationary signal can be analyzed
by decomposing it into a more stationary waveform using
various adaptive decomposing methods [32]. For a t-f sig-
nal analysis that addresses the true physical behavior of a
system, empirical mode decomposition (EMD), an adaptive
signal processing approach, is one of the most appropriate
methods [15]. This technique decomposes a nonstationary
signal into a set called intrinsic mode functions (IMFs), each
of which is part of the original signal in a single-component
narrow frequency band, through numerical approaches. How-
ever, due to the mode-mixing problem in EMD, ensemble
EMD (EEMD) has been widely used in recent years to
decompose the fault signals of rotary machines [32]. EEMD
allows retrieving information on the characteristics of the
signal by decomposing the signal more precisely and effi-
ciently compared to the original EMD. Therefore, in this
study, RFHCSs are analyzed through EEMD to determine the
severity of the fault.

The application stages of the proposed fault diagnosis
method are as follows. The most dominant frequency/order
FHC was determined by analyzing the inter-turn fault model
of a three-phase LSPMS to demonstrate the fault effect on
motor stator current. Using the experimental setup estab-
lished for fault detection, stator current signals in the healthy
and faulty conditions of LSPMSM were monitored. There-
after, the FHC was extracted from the motor current via
Gabor-OT, and the RFHCS waveform was reconstructed in
the time domain. The IMFs of RFHCSs were calculated using
EEMD. Finally, using the energies of RFHCSs calculated
based on Gabor coefficients, and the KLD of the selected
IMFs, diagnosis of the inter-turn faults and detection of the
severity of the faults was performed.

The novelty and contributions of this paper can be summa-
rized as follows. 1. As mentioned above, there are currently
no studies on the detection of stator winding faults of an
LSPMSM operating in nonstationary conditions; this paper
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is the first study in the literature. 2. The proposed diagnostic
method is a novel approach for fault harmonic component
tracking based on transient-MCSA. 3. To date, the Gabor-
OT technique has not been used in the diagnosis of faults
of this motor. 4. Because the proposed method is based on
FHCT analysis, the change in electromagnetic noise caused
by the operating environments of themotor does not affect the
accuracy of the diagnosis. 5. OT analysis methods are mainly
used for the diagnosis of mechanical malfunctions based on
dynamic vibration signal analysis. However, in this study,
Gabor-OT was proposed for electrical fault diagnosis based
on the current signal. 6. The proposed method can continu-
ously detect winding faults, unlike the conventional MCSA.
Due to this feature, it can also be used for the diagnosis of
incipient faults in motors such as winding faults, rotor broken
bar faults, etc. In addition, the results obtained in this study
were compared with the studies in the literature and presented
in Section V.

The following sections of this article are organized as
follows. The stator winding failure model of LSPMSM is
presented in Section 2. The fault diagnosis approach is
described in Section 3, experimental studies are explained in
Section 4, results and discussions are presented in Section 5,
and Section 6 explains the conclusions of the study.

II. MODEL OF THE LSPMSM CONSIDERING WINDING
INTER-TURN FAULTS
In this section, themodel of the inter-turn fault of LSPMSM is
presented to determine the fault effect on the motor current.
The behavior of rotary electric machines and the effects of
fault conditions are analyzed using appropriate models [16].
In three-phase AC rotary electric machines, the abc sta-
tionary reference frame model is the most ideal model for
stator winding failure [8]. The transient-state equations of a
three-phase LSPMSM in the abc reference frame were given
in [8] and [7]. By creating inter-turn faults to phase a of
LSPMSM, these mathematical equations can be expressed as
in [8] and [7]:[

Vs,abcf
]
=
[
Rsf
]
.
[
is,abcf

]
+

d
dt

[
λs,abcf

]
+ [eabcf ],[

Vr,abc
]
= [Rr ] .

[
ir,abc

]
+

d
dt

[
λr,abc

]
= 0. (1)

It can be expressed as matrices in the above voltage
equations:[

Vs,abcf
]
=
[
va vb vc 0

]T
,[

is,abcf
]
=
[
ia ib ic if

]T
,

[
ir,abc

]
=
[
ia ib ic

]T
,

[Rsf ] =


rs 0 0 −µ.rs
0 rs 0 0
0 0 rs 0
µ.rs 0 0 −(µ.rs + Rf )

 ,
[Rr ] =

 rr 0 0
0 rr 0
0 0 rr

 ,

[
eabcf

]
= λpmωe.

[
sin(θr ) sin

(
θr −

2π
3

)
× sin

(
θr +

2π
3

)
µ.sin(θr )

]
.T (2)

Neglecting the leakage fluxes, the linkage flux of the stator
and rotor can be expressed as a function of the rotor and stator
currents as follows:[

λs,abcf
]
=
[
Lss,abcf

]
.
[
is,abcf

]
+
[
Lsr,abcf

]
.
[
i′r,abc

]
,[

λr,abc
]
=
[
Lrs,abcf

]
.
[
is,abcf

]
+
[
Lrr,abc

]
.
[
ir,abc

]
. (3)

Inductance matrices in (3) can be expressed as follows:[
Lss,abcf

]
=


Lsa Msasb Msasc −(Lsaf +Msahsaf )
Msbsa Lsb Msbsc −Msbsaf
Mscsa Mscsb Lsc −Mscsaf

(Lsaf +Msahsaf ) Msaf sb Msaf sc − Lsaf


[
Lrr,abc

]
=

 Lra Mrarb Mrarc
Mrbra Lbs Mrbrc
Mrcra Mrcrb Lcs

 ,
[
Lrs,abc

]
=

Mrasa Mrasb Mrasc −Mrasaf
Mrbsa Mrbsb Mrbsc −Mrbsaf
Mrcsa Mrcsb Mrcsc −Mrcsaf

 ,
[
Lsr,abc

]
=


Msara Msarb Msarc
Msbra Msbrb Msbrc
Mscra Mscrb Mscrc
Msaf ra Msaf rb Msaf rc

 , (4)

where the self andmutual inductances between short-circuited
and healthy turn parts in phase a are Lsaf = 3µ2.Lsa and
Msahsaf =

(
µ− 3µ2

)
Lsa, respectively. In these equations,

Rf is shorting resistor, connected in parallel to the phase a
stator winding to create a fault; rs and rr are healthy state
stator and rotor phase resistors, respectively;

[
Lss,abcf

]
and[

Lrr,abc
]
are inductance matrices for stator and rotor cir-

cuits, respectively; and
[
Lsr,abc

]
and

[
Lrs,abc

]
are the mutual

inductance matrices between the stator and rotor. λm is the
magnetic flux generated by permanent magnets and θr is
the position angle of rotor. With the total number of turns,
N , and short-circuit number, n, the ratio of short-circuited
windings is µ = n/N in any phase. if is the fault current
flowing through short-circuited turns n. The effect of healthy
phases on the faulty phase is very small [33]; thus,

if ∼= ia
(µ+ µ.rs)(
µ.rs + Rf

) + λpm.ωe. µ(
µ.rs + Rf

) . sin (θr ) (5)

is obtained by arranging the fourth line of equation (1).
In equation (5), the effect of permanent magnets on the faulty
phase current is more predominant because the last term is
more important [8], due to the induction effect of magnets on
the rotor. In the case of synchronous operation of LSPMSM,
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this effect induces the third harmonic, which is the character-
istic inter-turn FHC of the fault current if [34], [35]. The third
harmonic is the most dominant frequency component of the
stator current of LSPMSM with inter-turn fault. A frequency
spectrum of the stator current of a three-phase LSPMSM
with inter-turn fault in phase a, operating under steady-state
conditions, is shown in Figure 1.

FIGURE 1. Frequency spectrum of the stator current of a LSPMSM with
inter-turn fault operating under steady-state condition.

In the spectrum in Figure 1, the effects of inter-turn faults
are clearly seen at FHC, which is the third harmonic compo-
nent (150 Hz). As the severity of fault increases, the ampli-
tude of the FHC increases, too. Therefore, inter-turn faults
can be diagnosed by analyzing these FHC in the stator current
frequency/order spectra.

III. FAULT DIAGNOSIS APPROACH
This section describes the procedure for performing the pro-
posed FHCT analysis for the diagnosis of inter-turn faults of
LSMSMoperating under nonstationary conditions. The order
spectrum of the stator current of a three-phase LSPMSMwith
the inter-turn fault in phase a operating under steady-state
condition is shown in Figure 2.

The equivalent in the order domain of a certain x fre-
quency component fx in the frequency domain is calculated
as:

lx =
(fx .60)
nr

(6)

According to this equation, the 3f frequency compo-
nent, which is the FHC of inter-turn fault in the frequency
domain, corresponds to the 6th order in the order domain, see
Figure 2. According to Figure 2, the amplitude of the 6th order
changes in direct proportion to the change in the severity
of the fault. In LSPMSMs operating under nonstationary
conditions, making a reliable fault diagnosis decision, and
correctly determining the severity of fault, depends on the
correct reconstruction of the inter-turn FHC signal in the time
domain. Gabor-OT is a useful tool for this purpose. The pro-
posed FHCT approach is based on the analysis by extracting
the 6th order component, the most dominant inter-turn FHC,
from the motor current using Gabor-OT.

Figure 3 summarises the implementation of the proposed
FHCT for the diagnosis of inter-turn faults of LSMSM
operating under nonstationary conditions. Application stages
of the proposed FHCT are described in the following
sections.

FIGURE 2. Order spectrum of the stator current of a LSPMSM with
inter-turn fault operating under steady-state condition.

FIGURE 3. Application scheme of the proposed FHCT.

A. SIGNAL SAMPLING OF LSPMSM
At this stage, one phase stator current signal i(t) and the
digital speed data p(t) of a three-phase LSPMSM are sam-
pled simultaneously at sampling frequency fs during the
sampling period ts. The sampled current and digital speed
signals obtained from the Test 1 experiment of an LSPMSM
with inter-turn fault operating under nonstationary condi-
tions, which is driven by a variable speed driver, are shown
in Figure 4 (a) and (b). The Test 1 experiment details are given
in detail in Section IV of this study.

B. EXTRACTING THE SELECTED HARMONIC ORDER
COMPONENT FROM THE CURRENT SIGNAL
Gabor-OT is based on the principle that each signal can be
expressed as a weighted sum of time and frequency func-
tion [4], [30]. This method is based on STFT with Gabor
expansion. Gabor-OT, as one of the forward and inverse
time-frequency transformations, makes it possible to get an
idea of the time-varying behavior of the analyzed signal, and
it enables the reconstruction of the waveform of a specified
order component through Gabor expansion. The mathemati-
cal expressions of the Gabor transformation pair, comprising
Gabor transform and Gabor expansion, have been established
in detail in [30] and [36]. The Gabor expansion of one phase
current signal of an LSPMSM with the inter-turn fault in a
phase stator winding is defined as follows:

i (t) =
∞∑

m=−∞

∞∑
n=−∞

Im,nhm,n (t), (7)

where Im,n are the Gabor coefficients. Gabor elementary
function, hm,n (t), is hm,n (t) = h(t − n.T )ej2π.�.t , m, n εZ,
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FIGURE 4. Sampled signals of a LSPMSM with inter-turn fault operating
under nonstationary conditions: (a) Healthy and fault conditions phase
currents for the motor, (b) digital speed signal, (c) speed graph as
calculated using Gabor-OT.

where the function h(t) is called the synthesis window, and
T and � are lattice parameters. The Gabor transform of this
signal is defined as follows:

im,n =

∞∫
−∞

i (t)γ ∗m,n (t) e
−jn�t , (8)

where m, n = 0,±1,±2, . . . , γm,n(t) = γ (t − nT )ejm�t is
the time and frequency shifted version of γ (t), called analysis
window, which is the Gabor transformation pair function
of h(t), and ∗ represents a complex conjugation. One of the
most interesting applications of the Gabor expansion is filter-
ing at changing times and is used to perform a recalculation
of waveforms of certain order components [37].

The Gabor-OT method is a multi-stage process, which
is used to extract a special-order component for the fault
diagnosis of rotating machines. First, the time and frequency
steps of signals necessary for the discretization process of the
sampled signals of LSPMSM are defined as:

1t =
ts
N
=

1
fs
, 1f =

fs
N
=

1
ts
, (9)

whereN is the total number of samples. Second, the selection
of process parameters and the calculation of Gabor coef-
ficients are performed. The most fundamental problem in
Gabor OT-based signal analysis of rotating electric machines
operating in nonstationary conditions is the selection of syn-
thesis window, analysis window, and lattice parameters [18].
In Gabor expansion, significant concentration and resolu-
tion issues occur if the appropriate synthesis window is not
selected [36]. In the present study, the Gaussian window [18]
with the Heisenberg box, which can provide the highest
energy concentration in the smallest area in the t-f plane, was
preferred as the synthesis window. Numerical instabilities
arise in the calculation of Gabor coefficients performed using
a critically sampled lattice. To solve this problem, maximum
oversampling on the t-f plane has to be ensured when the
coefficients Im,n in (8) are calculated. In the selection of T
and � parameters, if the T .� → 0 condition can be met,
the window can be shifted with maximum overlap. In this

case, the synthesis window h(t) is the same as analysis win-
dow γ (t) [30]. The Gabor elementary function given in (7) is
regulated as follows, taking the lattice parameters as T = 1t
and � = 1f for maximum oversampling,

hm,n (t) = h(t − n.1t)ej2π1f .m.t , m, nεZ. (10)

Using the selection considering the maximum oversam-
pling, the Gabor transform in (8) is regulated as fol-
lows [18], [36]:

i [m, n]=
N−1∑
k=0

i [k]h [k−n] e−j
2πmk
N , 0≤m, n<N , (11)

and Gabor coefficients i [m, n] are calculated as an NxN
matrix, where i[k] and h[k] are discrete arrays with N ele-
ments obtained via the sampling of the motor current i(t)
and Gabor elementary function hm,n (t) with the constants
t = k.1t and 0 ≤ k ≤ N − 1. Third, a Gabor spectrogram
is created by mapping the Gabor coefficient array to the 2D
image. The density of each lattice in the image represents
the amplitude of cm,n at a specific time m and a specific
frequency n. To obtain a high-resolution image, N must be
selected as a large value. However, in this case, the transform
calculation in (11) takes a long time. Gabor spectrogram
of the stator current of an LSPMSM with inter-turn fault
operating under nonstationary conditions, seen in Figure 4(a),
is given in Figure 5.

In this spectrogram, created using all Gabor coefficients
obtained from the Gabor transform in equation (11), all of
the order components of the stator current of an LSPMSM
in F1 inter-turn fault state, operating under nonstationary
conditions, can be clearly seen. This figure also shows
the time-varying frequency of any order component. The
2nd order is the supply order corresponding to the supply
frequency. The 6th order shows the traced inter-turn FHC.
In addition, because of the visual advantage of the Gabor
spectrogram, 10th, 14th, 22nd, 26th, 30th, 34th, and 38th orders
can be clearly seen. As mentioned above, a clear image is
obtained in Figure 5 due to the selected Gabor parameters.
The selection of Gabor parameters and the F1 inter-turn fault
state of LSPMSM used in this study is detailed in Section IV.
Fourth, the rotational speed w(t) versus tachometer pulse
position seen in Figure 4(c) is calculated as per the expression
w(t) = dθ/dt; accordingly, the rotative speed is calcu-
lated as nr=2π/(ω (t) 60). Fifth, a masking process is per-
formed on the Gabor coefficient sequence obtained through
equation (11), using the rotary speed nr and a specific x
order lx . The position index of the specified order lx in the
Gabor time-frequency lattices is defined as:

index (l) = lap
(
nr
60

N
fs
l
)
, lεN+, (12)

where ‘lap’ is the number of completed rotations. In the
masking process, a masking window with a specific
bandwidth is used, whose center frequency is determined by
nr and lx . In the mask window, a w [m, n] mask matrix with a
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FIGURE 5. Gabor spectrogram of motor current signal for F1 fault.

value limited to 0 or 1 is generated with the same dimension
as that of the Gabor coefficient matrix i [m, n]. The Gabor
coefficient matrix, i [m, n], is only multiplied by a mask
window for the purpose of keeping the index(l) coefficients
calculated using equation (12). It acts as a mask by preserving
im,n when wm,n = 1 and removing im,n when wm,n = 0. The
coefficients corresponding to wm,n = 1, make up the mask
region. As a result, equation (13) shows the modified Gabor
coefficient matrix [37],

î [m, n] =

{
im,n wm,n = 1
0 wm,n = 0

(13)

Sixth, a ‘Waveform reconstruction’ process is performed
through Gabor expansion, given equation (7). For recon-
struction, the synthetic window function that is regulated for
maximumoversampling, h[k], given in (10), and themodified
Gabor coefficients, î [m, n], are used. The masking process
described above means that the reconstruction process will
only allow the re-construction in the time domain of the
desired FHC of the motor current signal. Using a lattice with
maximum oversampling in equation (7), the time history of a
specified order l is reconstructed as:

if ,x [k]=
N−1∑
m=0

N−1∑
n=0

î [m, n]h [k−n] ej
2πmk
N , 0 ≤ k<N (14)

where if ,x [k] is RFHCS, as a discrete array [18], [36]. Finally,
the time form of a certain order lx can be expressed as:

if ,x (t) =
∑
m∈Z

∑
n∈Z

îm,nh (t − n.1t) ej2π1f .m.t (15)

where if ,x (t) is RFHCS of the traced inter-turn FHC in the
time domain [36]. This signal is also the iRFHCS (t) signal.
The energy of any harmonic order component of a signal in
t-f plane transformations generated by the modified Gabor
coefficients,

Energy
(
if ,x (t)

)
=

∑
m∈Z

∑
n∈Z

∣∣∣îm,n∣∣∣2 , (16)

is an important signal feature [4], [17], [18], [30]. To bet-
ter present the importance of this feature in the proposed
FHCT application, the Gabor spectrogram of the 6th order
component seen in Figure 5 is given in Figure 6.

In this spectrogram, created using the modified Gabor
coefficient, the 6th order component is seen in time-order

FIGURE 6. Gabor Spectrogram of RFHCS of the traced inter-turn FHC for
F1 fault.

graphs. It also shows maximum energy calculated according
to equation (16) of the order for each ti. Using this spectro-
gram, the energy of the order at any time can be determined.
In this figure, the 6th order maximum energy level is−10 dB.
This parameter is an important indicator that can provide
information about the fault condition of the motor. Therefore,
in this study, the energy of RFHCS (the 6th order), which
is the most dominant inter-turn FHC in a phase current of a
winding fault LSPMSM, is used as a reliable fault indicator.

C. SENSITIVITY ANALYSIS
The RFHCSs calculated through Gabor-OT in (15), of an
LSPMSM with inter-turn fault working under nonstationary
conditions, are dynamic signals. The most reliable approach
in analyzing such signals is to obtain the properties of the
stable forms of the signal [32]. EMD is one of the most effec-
tive methods used to decompose nonstationary signals [15].
This technique, as in many other fields [38], is widely used
in the fault diagnosis of electrical machinery [32], [39], [40].
EMD extracts a series of IMFs with local characteristics of a
nonstationary signal, which is analyzed by gradually shifting
EMD, and a current signal can be decomposed as if ,x (t) as
follows:

if ,x (t) =
j∑

i=1

IMF i (t)+ r (t) , (17)

where r(t) is jth IMF and a non-zeromean residue and IMFi(t)
is ith IMF. This decomposition algorithm can be summarised
as follows:
• Determination of all local extrema of if ,x (t) current,
• Obtaining upper (emax)/lower (emin) envelopes through
interpolation,

• Calculation of the mean envelope by using emax and emin
envelopes,

• Calculation of candidate IMF gk (k) by subtracting the
mean envelope from if ,x (t),

• Iteration process on the r(t) residue.
This algorithm is re-determined through an elimination pro-
cess until gk (k) is recognized as an IMF. However, the draw-
backs of EMD include: the occurrence of the mixing mode
phenomenon, noise sensitivity, and mathematical modelling
difficulty. To deal with these drawbacks, ensemble EMD
(EEMD), a noise-assisted data analysis method, has been
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proposed [32], [40]. In this method, the decomposition pro-
cess is performed by adding white noise to the original signal
series so that signals of different scales can be automatically
separated according to their respective reference scales. The
EEMD algorithm of a current signal can be summarised as
follows:
• Create the signal icf ,x (t) by adding white noise βwc (t)
to if ,x (t),

• Decompose the signal icf ,x (t) via EMD to obtain IMF
components,

• Repeat the first and second steps by adding a new white
noise,

• Obtain the result by calculating the mean of IMFs
obtained in each iteration.

The Pearson correlation approach, which establishes a rela-
tionship between the two signals, based on the values of the
coefficient of correlation, r , ranging from −1 to 1, was used
in the selection of the obtained IMFs. r is expressed as:

r =

∑
xiyi −

∑
xi
∑
yi

n√(∑
x2i −

(
∑
xi)

2

n

)√(∑
y2i −

(
∑
yi)

2

n

) (18)

D. FAULT DETECTION CRITERION
The Kullback-Leibler Divergence (KLD) is statistical infor-
mation that is used as a measure of proximity between two
distributions. It is used in many areas such as pattern recogni-
tion, fault detection, and anomaly diagnosis [41]. In previous
signal processing studies where KLD has been compared
with traditional statistical methods such as Hotelling T2, SPE,
and Q [42], [43], it has been revealed that KLD provides the
most sensitive results for fault diagnosis. The dissimilarity
between the probability density functions (PDFs) of the cur-
rent signals of an LSPMSM at healthy condition and fault
condition, ph(w) and pf (w), respectively, is defined as:

I
(
ph\\pf

)
=

∫
ph(w) log

(
ph(w)
pf (w)

)
dw. (19)

Since the Kullback-Leibler distance is unidirectional
according to the given two probability distributions, KLD is
expressed as

IKDL = I
(
ph\\pf

)
+ I

(
pf \\ph

)
. (20)

IKDL is not negative, but if the distribution of two probabilities
is identical, then 0. So IKDL takes the value 0 in absolute
similarity and 1 in the case of absolute dissimilarity.

IV. EXPERIMENTAL SETUP FOR THE PROPOSED METHOD
For verification of the proposed fault diagnosis method,
tests were performed using a commercial LSPMSM. The
intern-turn winding fault was created by connecting a rheostat
in parallel to a coil of phase a of the motor. In the healthy
condition of the motor, the winding resistance of phase a
was 2.2 ohms. In the motor for experimental studies, two
different levels of fault states (F1 and F2) were formed.
The winding resistances of phase a of the motor in the F1 and

F2 failure states were 2.1072 and 2.1526 ohms, respectively.
The LSPMSM was mounted on a test bench, which can
reproduce different operating conditions. The test bench and
its components are presented in the following section.

A. TEST BENCH AND THE SELECTION OF GABOR-OT
PROCESS PARAMETERS
The connection diagram of the test bench and its components
is shown in Figure 7. The parameters of the LSPMSM are
given in the Appendix.

FIGURE 7. Connection diagram of the test bench and its components.

The motor was fed through a drive with scalar and direct
torque control features. The digital velocity (TTL) data of
the motor was measured using an inductive speed sensor.
A DC machine, which was used as the mechanical load,
was controlled by a DC machine driver. NI 9174 compact
DAQ and NI 9227 were used as data acquisition and current
modules, respectively. These modules have a hardware notch
filter to eliminate electromagnetic waves and other noise.
The data collection was conducted simultaneously from each
channel with a sampling frequency of 25 kS/s. The current
and digital velocity signals were collected under different
load conditions (Load 1 (0%), Load 2 (50%), Load 3 (100%),
and Load 4 (115%)) for healthy and faulty conditions of the
motor. The signals received from sensors were transmitted
via a DAQ card to the LabVIEW Signal Express Toolbox
environment for real-time data collection and analysis and
were saved to the computer in Excel format. The recorded
data were visualized as graphs in the MATLAB environment.

As detailed in Section 3.1, the selection of parameters is
important in Gabor-OT-based fault diagnostics. In this study,
a Gaussian window with Heisenberg box was chosen as the
synthesis window. Data acquisition parameters used for the
tests were the sampling frequency (25 kHz), and the total
sampling time ts (ts = 3 s for Test 1, ts = 8 s for Test 2). The
lattice parameters for maximum oversampling were T = 1t
and � = 1f .

B. EXPERIMENTAL TESTS
An LSPMSM with an inter-turn fault in phase a stator wind-
ing has been tested for three scenarios as follows:

a. Test1(the ramp speed test): Acceleration in constant
load conditions -no-load (0%), half-loaded (50%), full
load (100%), and overload (115%)- with 3-s ramp from
0 to 1500 rpm.
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b. Test2(the ramp load test): In 1500 rpm constant speed,
from no-load to full load, loading 8-s with stepped
ramp.

c. Test3(the test of incipient fault diagnosis): Suddenly the
F1 fault-state at 3.65 s of the healthy motor operating
in 1500 rpm and full load condition.

V. RESULTS AND DISCUSSION
A. THE GABOR-OT RESULTS
For the nonstationary operating conditions of the motor, the
Gabor-OT results applied to the currents measured in Test 1
(Load 3) and Test 2 are given in Figure 8 and Figure 9,
respectively.

FIGURE 8. Gabor-OT results for test 1 (100% load): (a) Healthy Condition,
(b) F1 fault condition, (c) F2 fault condition.

In these graphs, the spectrograms of LSPMSM as the order
corresponding to the maximum energy calculated according
to equation (16) for each time ti of the RFHCS (the 6th order
component), which is the most dominant inter-turn FHC,
is observed.

In the classical MCSA based t-f spectrograms, the
inter-turn FHCs of a motor are constantly changing due to
nonstationary conditions. Therefore, calculating these fre-
quency components to diagnose the fault at each small inter-
val of time is difficult. However, the inter-turn FHC is fixed
in the 6th order regardless of the dynamic state of the motor.
Moreover, as can be seen from Figure 8 and Figure 9,
the energy of the 6th order varies depending on the fault
condition of the motor as a significant indicator of the fault.

The energies and KLDs of RFHCSs, which are inter-turn
fault indicators for Gabor-OT results obtained from currents
measured in Test 1 and Test 2, are given in Figure 10. In the

FIGURE 9. Gabor-OT results for test 2: (a) Healthy condition, (b) F1 fault
condition, (c) F2 fault condition.

energies in Figure 10 (a), which shows the results of Test 1 for
different load conditions, the average difference between
healthy and F2 fault states is 13.375 dB, while this difference
between F1 and F2 fault states is 1.9525 dB. Especially in
the condition of 115% load, the energies of F1 and F2 fault
states are very close to each other. Similar results are also
seen in Figure 10 (b), which is presented as Test 2 results.
In the KLDs of RFHCS seen in Figures 10 (c), the average
difference between healthy and F2 fault states is 0.126552,
and this difference in Figure 10 (d) is 0,180849. These results
show that the changes in the KLDs and the changes in the
energy plots are similar.

According to the results obtained in these graphs, although
the healthy state of the motor can be easily distinguished
from the fault states, the small difference between the fault
level values of F1 and F2 states makes the determination of
the severity of the fault difficult. These results showed that
Gabor-OT is a powerful tool for diagnosing winding failure,
but partly inadequate in determining the severity of the fault.
Therefore, sensitivity analyses were performed to determine
the severity of faults.

B. SENSITIVITY ANALYSIS RESULTS
In this section, the results of the proposed EEMD method for
evaluating the severity of faults are presented. In Figure 11,
the decomposed IMFs via EEMD of RFHCSs (iRFHCS (t))
obtained from the currents measured for Test 1, are given.
The first subplots of the graphs in Figure 11 show the
RFHCSs. In these graphs, each IMF has a different frequency
value. This result shows that EEMD decomposes high and
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FIGURE 10. Inter-turn fault indicators for Gabor-OT results: (a) Energies
in the RFHCSs for test 1. (b) Energies in the RFHCSs for test 2. (c) KLDs of
RFHCSs for test 1. (d) KLDs of RFHCSs for test 2.

low-frequency components without mode-mixing problems.
At the same time, nonstationary signal decomposition has
also been tested for the adaptability of EEMD.

TheRFHCSs obtained from the currentsmeasured in Test 1
and Test 2 were decomposed by EEMD at 10 levels and
16 levels, respectively (including the residue signal). The
IMFs closest to the original signals were selected to deter-
mine the severity of the fault in the motor. The closest IMFs
to the original signals calculated using equation (17), of the
IMFs produced by this decomposition, are given in Figure 12.

The values seen in Figure 12 (a), given for Test 1, are
ordered according to Load 1 (0%), Load 2 (50%), Load 3
(100%) and Load 4 (115%) load conditions as follows:
Healthy case IMF2, IMF1, IMF2 and IMF2; F1 failure state
IMF2, IMF1, IMF2, and IMF2; F2 failure state IMF2, IMF1,
IMF1 and IMF2. In Figure 12 (b) given for Test 2, these
results are shown as IMF2, IMF1, and IMF1 for the healthy,
F1 fault, and F2 fault states of the motor, respectively.

The KLD (IKDL) results, calculated using equation (20) of
healthy state PDF versus fault state PDF for each selected
IMF for Test 1 and Test 2, are given in Figure 13. The KLD
values vary in the range of 0 to 1. The absolute similarity
is 0, and the absolute dissimilarity is 1 [43]. Considering
this classification of information, while fault diagnosis has
been performed using the values taken by the fault state KLD
(according to the healthy state KLD values), the fault severity
was determined using the differences between the F1 and
F2 fault state KLDs.

As can be seen in Figure 13, for Test 1, as the KLD
of selected IMFs, the average difference between the
KLD values of F1 and F2 fault states in all load conditions
of the motor is 0.2951. However, this value is 0.0351 in

FIGURE 11. EEMD results of the RFHCSs for test 1 (100% load):
(a) healthy state, (b) F2 fault state, and (c) F1 fault state.
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FIGURE 11. (Continued.) EEMD results of the RFHCSs for test 1
(100% load): (a) healthy state, (b) F2 fault state, and (c) F1 fault state.

FIGURE 12. The RFHCSs of motor states and correlations between their
IMFs: (a) test 1 results, and (b) test 2 results.

Figure 10 (c), for Test 1 as Gabor-OT results. Similarly, for
Test 2, this average difference was 0.0527 in Figure 10 (d) and
0.3244 in Figure 13 (b). According to the results of the KLDs
of selected IMFs obtained from the EEMD analyses of the
RFHCSs, the severity of faults can be easily diagnosed for
both Test 1 and Test 2.

As mentioned in Section 1, this is the first research paper
regarding the detection of inter-turn faults of an LSPMSM
operating in nonstationary conditions, such as ramp load and
ramp speed. Therefore, in comparing the method proposed
here with other methods in the literature, the studies made for
the FHCT in the other motors operating in nonstationary con-
ditions are considered. The obtained results are coherent with
the results found in the literature [16], [23], [24], [34], [44].

FIGURE 13. Fault severity indicators according to selected IMFs obtained
from the EEMD analyses of the RFHCSs: (a) KLDs for test 1, and (b) KLDs
for test 2.

In [16], where VKF-OT-based winding fault diagnosis was
performed at a PMSM operating under dynamic conditions,
the changes in third harmonics of the current signals for the
healthy state, light fault state, and severe fault state are 0.004,
0.0125, and 0.0275 dB, respectively (under ramp conditions
with a variable speed of 3500-5000 rpm). The change rates in
these results are consistent with the values given in Figure 13.
Moreover, for the diagnosis of a winding fault, based on
motor currents, comparing the results of VKF-OT analysis
obtained in [16] under 100-1500-rpm ramp conditions and the
results obtained for Test 1 (0-1500 rpm ramp) in this study,
the proposed Gabor-OT based fault diagnosis results are more
precise and accurate. Furthermore, the 3rd harmonic pre-
sented in [44] as themost sensitive harmonic of stator currents
for detecting inter-turn faults in PMSM, has been verified
with the results obtained, to be a useful detection indicator
for diagnosing LSMPM inter-turn faults. However, as special
winding configurations affect other harmonics besides the
third harmonic, the method proposed can be used to ana-
lyze the other current harmonic components too [34]. [24]
proposed a frequency-tracking algorithm method for FHCT.
While the average difference between healthy and fault states
of the motor is 0.12166, in Figure 10 (b), which shows the
inter-turn fault indicator for the Gabor-OT results in this
paper, this value is 0.126552 in [24]. Compared with the
results in Figure 10 (b), the fault indicators proposed in [24]
are less effective for inter-turn diagnostics.

The model-based diagnostic approach that provides high
sensitivity and accuracy in detecting incipient faults, such
as winding faults, broken rotor bar faults, etc., is often used
to diagnose faults in motors working under dynamic condi-
tions [23], [43], [45]. To compare the fault diagnosis method
proposed here withmodel-basedmethods, the incipient wind-
ing failure test (Test 3) was performed in the experimental
studies. The measured currents for Test 3 and the Gabor-OT
results obtained from these currents are given in Figure 14.

As can be seen from the Gabor spectrogram in Figure 14.,
the sudden failure situation (around t = 3.65s) caused an
energy change in the 6th order, which is the inter-turn FHC,
at the start of the failure. This result shows that this proposed
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FIGURE 14. Gabor-OT results for test 3.

new diagnostic method can successfully diagnose incipient
inter-turn faults. Compared with the changes of energy in the
6th order in Figure 14, the changes of dq-axis space vector
in [23] are similar results for incipient inter-turn diagnostics.
In addition, the results in Figure 14 are very close to those
given in [45] for diagnosing an incipient winding failure of
an induction motor.

According to all of the results, the success of the proposed
fault diagnostic method depends on the correct selection of
the Gabor-OT parameters necessary to obtain the matching
window and oversampled lattice features. Otherwise, since
the RFHCS cannot be correctly extracted from the motor
current, the reliability of the diagnosis will decrease. This
is the most important difficulty with the proposed method.
In addition, this method also has other disadvantages. The
excessive calculation problem expressed in VKF-OT-based
diagnostic studies [16], [28] is also present in Gabor-OT.
Gabor-OT needs motor digital speed information as a sec-
ond signal, as well as motor current signals used for fault
diagnosis, and as a result, the amount of data to be used for
fault diagnosis increases. In such a case, problems arise such
as large memory requirements for the creation of historical
data records and data transmission disadvantages in online
condition monitoring [13].

VI. CONCLUSION
In this paper, a novel FTCT method has been proposed,
based on transient-MCSA, to diagnose inter-turn faults in an
LSPMSM operating under nonstationary conditions, such as
variable loads and speeds. Through a test bench established,
the current and digital velocity signals of LSPMSM were
collected. The FHC was extracted from the motor current
via Gabor-OT, and the RFHCS waveform was reconstructed
in the time domain. The obtained results have shown that
the KLD values and energies of RFHCS were reliable fault
indicators.

Comparing the Gabor-OT results and the results VKF-
OT, which is shown as a competitor to Gabor-OT in the
literature, it was seen that Gabor-OT was superior in the ramp
speed condition of the motor. Furthermore, as the proposed
method is based on FHCT analysis, the electromagnetic noise
caused by the environments does not affect the accuracy
of the diagnosis. The proposed method can continuously
detect winding faults in both transient and steady-state, unlike

conventional MCSA. Due to this feature, it can also be
used for the diagnosis of incipient winding faults. However,
despite these advantages, the difficulty of calculation is a
major drawback of the proposed method.

As suggestions for future studies, multiple faults in motors
that can occur in industrial areas might be diagnosed using
the proposed method. The demagnetization faults might be
detected in the LSMPSM with the proposed method. Since
the proposed method is based on tracking harmonic compo-
nents, this method can also be used in the analysis of har-
monic components of voltage signals produced by generators.

APPENDIX
Line Start Permanent Magnet Synchronous Motor parame-
ters: Rated characteristics:P= 2.2 kW, f = 50Hz, V (1/Y)=
230/400 V, I (1/Y)= 7.1/4.4 A, and n= 1500 rpm, Cos8=
0.85, Number of Poles = 4, % Efficiency = 91.2, Protection
Class = IP 54.
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