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Stator Turn-to-Turn Fault Estimation of Induction
Motor by Using Probabilistic Neural Network

Hamed Babanezhad?, Hamid Yaghobi? and Mostafa Hamidi?

Abstract— Induction machines are extensively used in industry
due to the wide demand and diverse applications. Managing
dealing with various faults, accurately detecting the fault and its
severity as one of the biggest challenges will have a significant
impact on the induction machine health and the quality of system
operation. Ignoring the faults will cause irreparable damage to the
electrical machine and then to the industrial complex. Knowing
about exact fault conditions is the most basic issue in dealing with
fault management. In this paper, turn to turn fault as one of the
major problems of induction machines is discussed. For this
purpose first, the fault is evaluated by negative sequences current,
and second, a mechanism is used to distinguish between the source
imbalance fault and the turn-to-turn fault. With the help of the
information obtained from the faulty machine and two layers of
the probabilistic neural network, the number of the turn-to-turn
fault will be estimated. The simulation was performed under
normal conditions as well as under fault conditions for a specified
number of turn-to-turn faults. This method is tested for non-
training data with different common ranges and a number of turn-
to-turn faults. Neural network output results are compared with
the simulation in Matlab, which shows the correct training and
high accuracy of the proposed method to detect the number of
stator faults.

Index Terms— Short circuit fault, negative sequence current,
probabilistic neural network, turn to turn estimation, inter-turn
fault.

I. INTRODUCTION

OTORS play a vital role in the industry as one of the most

widely used electric machines due to their simplicity, high
strength, low cost, low maintenance, and many other reasons.
With the advancement in fault detection technologies, the focus
of modern industry on fault detection methods has increased
and many studies have been done in this section [1-3]. Induction
motors are subjected to various stresses depending on their
application in the industry, which causes numerous faults in the
machine. The most common fault in this motor includes Inter
Turn Short Circuit (ITSC), coil-to-coil, and phase-to-phase
fault [4-7]. In these faults, several rounds of coils of one phase
are shortened with each other or adjacent phase, and as a result,
a high circulating current is created, then a lot of heat is
generated. Studies show that 30-40% of three-phase induction
motors failure is related to the stator winding [8, 9]. Therefore,
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fault detection is essential so as not to disrupt the normal
operation process and the machine to be placed in the
maintenances process faster. For this purpose, shorted circuit
winding in stator phases is evaluated.

In [10-12] different Fault Detection (FD) methods as well as

the causes of the fault, and review of them was discussed.
Sequence impedance matrices and negative sequence
components have been used to investigate and detect faults in
the stator of inductor motor, which is a sensor-less method [13,
14]. However, various solutions have been proposed to obtain
impedance or current sequences, including the use of multiple
reference frame theory, concordia patterns and the behavior of
the effective current values [15, 16]. In [17] generalized
regression neural network has been used to FD and locate stator
turn-to-turn fault in induction machine.
Online FD using sweep frequency response analysis is
provided in [18], which is mentioned as a low-cost test,
frequency of 2 KHz to 1MHz with a short sampling period to
detect the fault in the stator winding. Also in [19] variations of
phase with respect to time which is known instantaneous
frequency( with the help of empirical mode decomposition
)have been used for intern-turn fault detection. A new method
for detecting ITSC in the line start permanent magnet
synchronous motors with the help of frequency analysis of
acoustic signals resulting from asymmetrical faults has been
proposed [20]. In [21] coordinate transformation of the current
vector method has been used to inter-turn fault detection in a
three-phase induction motor. The high-frequency parameters of
voltage source inverter induction motor have been evaluated in
[22] to extract the response of a faulty motor driven by an
inverter.

Another powerful tool for investigating FD in induction
machines is neural networks. Due to the variety and flexibility
in the structure of this network, most of the faults in the machine
can be model and investigated with this method [23, 24].
Albrecht used a multilayer perceptron neural network to detect
the ITSC fault of the induction machine [25]. This network has
been trained by the post-propagation method. The information
required for training has been obtained by considering the
induction motor in different short circuit conditions. In [26],
four different structures of the neural model are used to detect
and classify the fault with 13 parameters of the stator current.
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In [27], in addition the evaluation of the number of broken bars,
the neuro-fuzzy networks of the ANFIS-Type method is used
to diagnose the location and number of ITSC in an induction
motor. In [28] neural network based on growing curvilinear
component analysis as the self-organized and non-stationary
method has provided online FD which utilizes the stator current
spectrum of induction motor. Due to the ability to learn
different types of functions, low-cost, and non-invasive
capability the feed-forward neural network has been used in
[29, 30]. One of the important parameters of the induction
machine is the rotor resistance, which Wong used the neural
network to estimate ITSC. So that according to its value and the
amount of flux error difference between the neural network
model and the motor model in order to correctly detect the real
resistance, and the fault can be realized [31].

The stator currents and voltages are used as fault indicators to
detecting ITSC faults under different loading conditions. In [32]
other non-invasive online methods based on a two-dimensional
six-stage convolutional neural network with the help of steady-
state current regardless of the load are used to detect stator
intern-turn fault. Marbet used a multi-layer feed-forward
perceptron neural network to detect and locate the internal short
circuit fault of the induction machine [33]. This network has
been trained by the post-propagation method and the
information required for its training has been obtained by
placing the induction motor in different short circuit conditions.
Different neural model structures have been used to detect and
classify faults with stator parameters [34]. The advantage of this
method is that there is no need to use complex mathematical
calculations to quickly access fault data. In [35] a comparison
between perceptron neural networks and radial basis function
networks has been performed to identify ITSC. The neural
network has also been used to detect and monitor faults such as
voltage imbalance, overload, and overvoltage. Usually, the
input of such a network is the effective current, voltage and
speed of the motor and the quality of the outputs depends on the
number of faults that are checked [36].

In this paper, the short-circuit fault and its effects on the
induction machine are investigated, and the number of turn-to-
turn short-circuited in one of the stator windings is estimated
using two layers probabilistic neural network (PNN). The
proposed method is tested for non-training data with different
common ranges. The information acquired from the neural
network is compared with the output of the simulation, the
number of ITSC for the induction machine is obtained with high
accuracy and finally, the results will be used to manage the
engine operation process. The contribution of the paper include:

» The negative sequence current analysis is performed
as the main parameter of FD with the help of
asymmetric components.

»  Use a mechanism to differentiate fault current analysis
due to short circuit and source imbalance considering
PNN.

»  Perform training with high accuracy and less time in
the presence of two layers of hidden and external
neurons considering non-training data with different
common ranges.

I1. INDUCTION MOTOR MODELLING

To investigate the behavior of the motor under normal
conditions and in the event of a fault, we will need a model to
consider the equations of the rotor and stator winding. Because
the stator winding has a different turn but its distribution is
uniform, Magnetic saturation has also been omitted (Eq. 1-3).
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The equations will be transferred to the dqo static reference
frame by applying a transfer matrix (Eqg. 4-6).
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The coupling flux of the stator and rotor windings in the new
coordinates in terms of current and inductance will be shown in
Eq.7.
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% Ay are Stator and rotor coupling flux on axis d.
Ag:Aq are stator and rotor coupling flux on axis g.
v, v, are stator voltage along the q and d axes.

Considering equation (7) and inverting it, the stator and rotor
currents can be obtained as Eq .8.
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If Thecn @S the external mechanical torque is applied in the
direction of the rotor speed, Tg,mp as the adjusted torque is
considered in the opposite direction to the rotor speed and “j”
as the inertia of the motor, The electromagnetic torque on the
machines’ shaft will be equal to Eq .9.

Ton = 322515 - Agig)dt )

With the above torques, the machine speed w.can also be
achieved. (Eq .10)

P 10
w,(t) = Z f(Tem + Trech — Tdamp)dt (10)

With the help of the above equations, a simulated model of a
three-phase induction motor has been used. Simulation results
have been performed for a 2 Hp induction motor. Figs.1 and 2
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Fig. 2. Speed curve under normal conditions

show the torque and speed changes of the motor in the event
of a fault from no load to full load respectively. Initially, the
motor currents are asymmetric due to the transient state
caused by the start-up, this negative sequence current
remains until the motor is stable.

Figs.3 and 4 show the same process by applying 4 short-
circuit turns to one of the coils. As can be seen in the torque
curve due to the presence of a turn-to-turn fault, more
distortion in the transient state has been shown. This
indicates the asymmetry of the current in the phases.
Significant changes are also seen in these conditions for the
speed curve according to Fig 4.
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I1l. NEGATIVE SEQUENCE CURRENT ANALYSIS

With the occurrence of a fault, the balance of currents is lost.
By evaluating the three-phase currents resulting from the
simulation, it is not possible to show the real situation in the
motor well, but using sequence components will be a better way
to express the conditions. Therefore, by using the matrix of
symmetric components as Eq.11, the negative sequence current
will be obtained, which can be used to determine changes in the
number of turn-to-turn faults in the motor to train the neural
network. Negative sequence currents for fault with 1, 5, and 10
short-circuits turn in stator phase “A” are shown in Fig .5 At the
start of the fault, a large negative sequence current is generated,
and after a fraction of a second, this current will reach its steady
state. It is observed that with increasing the number of shorted
connection turn, this current will increase.
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Fig. 5. Negative sequence current changes

IV. FAULT DETECTION METHOD

As mentioned in section III, negative sequence current is a
proper parameter to investigate ITSC. According to Fig. 6a the
process of the proposed method is done by estimating the error
and the presence of ITSC with the help of a PNN to estimate
the number of shorted circuit turns in one of the stator windings.
Then the data obtained from the neural network is compared
with the output of the simulation, and finally, the number of
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Fig. 6. Flowchart for propose method (a) FD process
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turn-to-turn faults for the induction machine is obtained with
high accuracy.

Any change in the negative sequence current does not
indicate a short circuit fault, but the change may be due to an
imbalance in the input sources because an imbalance

between the input sources will increase the negative
sequence current too. Therefore, Fig. 6(b) is used to show
how a distinction is made between short circuit fault and
input source imbalance fault. In this figure Ist, vgs and
Isn,Vgn are the value for imbalance and ITSC condition
respectively. By performing the above step, if the fault in the
machine is due to ITSC, we use the values obtained from the
negative sequence current as of the PNN input. The
probabilistic neural network is one of the radial basic
networks, which has more neural cells, but its advantage is
less design time and increase accuracy in case of increasing
the number of training data. These networks consist of two
layers, the hidden layer has 2 neurons and the outer layer has
1 neurons. A comparison will be made between the output of
the neural network and the simulation information so that the
received information is more accurate. Finally, the number
of short circuit turn is provided to the user to decide whether
to continue operating the machine or not.

V. RESULT

The probabilistic neural network is implemented for an
induction machine 2hp-4p, 3ph [37]. In the case of an ITSC
fault in one of the stator winding phases, the number of short-
circuit turns in the same phase is estimated. Figs.7 and 8 show
the output of the neural network as well as the results obtained
from the simulation, which shows a very close estimate and
proper operation of the implemented neural network base on
less and more training data respectively. At less number of short
circuit turn, the sequence current is very small, but its increase
will indicate the formation of more short-circuit turns, so that
the negative sequence current of 0.5 amps indicates 10 short-
circuit turns in the winding.

Table | shows the results obtained from the simulation for
currents of 0.03 to 500(ma) and the number of short-circuit turn
(0to 10). In this table, Nsh is the number of turns short-circuited
in phase A, Ip (A) and In (A) are positive and negative sequence
currents, respectively, and these values are taken from their
steady-state condition. As can be seen from data, an increase in
the number of short-circuited turns in phase A will increase the
current in that phase, and the other phases have very small
current changes.
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The data obtained from the neural network are also shown
in Table I, with the difference that for the sequence current
between 0.05 to 1.2 the estimated number of short-circuited
turns is between 1-20. The results show that the training and
management of the neural network have been done in such a
way that it has a proper response to non-training data and the
created network has a high generality. This is shown in Fig. 8
while more non-training data is provided to the neural
network. So that for data with a less common range with very
high accuracy of 90% and for data with a more common range
the estimated accuracy will reach 88%.

TABLE |
Simulation Results In Different Number Of Shorted Circuit
Turn
Nsh In(A) Ip(A) 1A(A) IB(A) IC(A)
0 3e-4 2.725 2.725 2.725 2.72
2 0.11 2.722 2.83 2.69 2.64
4 0.23 2.719 2.92 2.667 2.58
5 0.28 2.717 3.01 2.64 2.54
6 0.32 2.711 3.05 2.625 251
8 0.45 2.720 3.166 2.61 2.55
10 0.56 2.727 3.29 2.58 2.41
TABLE I

PNN Results In Different Number Of Shorted Circuit Turn

In(A) Nsh In(A) Nsh In(A) Nsh
0.05 1 0.45 8 0.85 15
0.1 2 05 9 0.9 15
0.15 3 0.55 10 0.95 16
0.2 4 0.6 11 1 17
0.25 5 0.65 11 1.05 18
0.3 5 0.7 12 11 19
0.35 6 0.75 13 1.15 19
0.4 7 0.8 14 1.2 20

VI. CONCLUSION

In the proposed method, two layers probabilistic neural
network and negative sequence current has been used to
estimate the number of turn-to-turn fault in a stator phase. A
mechanism has been presented to differentiate fault current
analysis due to short circuit and source imbalance considering
PNN. Results were tested for non-training data with different
common ranges. This method shows high accuracy (above
90%) of the neural network output in estimating the ITSC,
which confirms the accuracy of this method. The information
obtained from this method can be classified for management
levels so that the correct decision is made regarding the
continuation of the machine.
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