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Abstract
This paper proposes an efficient and integrated fault detection and identification system for
power converters and permanent magnet synchronous motor in electric vehicles. Switching
faults of power converters (single, double and triple switching faults), electrical and mechanical
faults of the permanent magnet synchronous motor (bearing fault, stator electrical faults) are
considered. Fault detection is done using Clarke transformed (α-β) three-phase current
analysis. Features are extracted from the current signals and artificial neural network (ANN)
is used for the fault identification. Using motor current signature analysis and by selecting
simple and suitable features, the system can detect and distinguish between overall faults of
power converters and permanent magnet synchronous motor in an electric vehicle; it requires
no complex calculations. The proposed system is designed in MATLAB/Simulink. The system
is tested under different fault scenarios and performance is evaluated. The simulation results
have proved that the proposed system can detect and identify overall faults of power converters
and permanent magnet synchronous motor easily and effectively with no need for complex
calculations and techniques.
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Introduction

In recent times with an increasing need for energy conservation and emission reduction,
electric vehicles are considered as the best transportation source instead of typical vehicles.
Electric vehicles basically comprise of a motor drive system that is used to convert electrical
energy into mechanical energy. A typical motor drive system is based on power converters
and an electric motor.
Power converters provide regulated electrical power to the motor through batteries or some
other energy source. In electric vehicle system, different types of electric motors can be used
such as induction motors, brushless DC motors, and permanent magnet synchronous motors
(PMSM). In contrast to other types of motor, PMSM is considered as the best option due to its
advantages of high power density and high efficiency [1–3].
As the electric vehicle system is based on power converters and electric motor, there is
always a chance of system failure which might be due to some faults in power converters or
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electric motor. The main faults caused by power converters are
switching faults that occur due to an open or short circuit in an
insulated-gate bipolar junction transistor (IGBT) device. The
fault caused by electric motor could be an electrical or mechanical fault. The electrical fault of the motor might occur due to
any of the following: an open circuit in one of the three-phase
power line, a short circuit between the two or more coils in the
stator winding, and a short circuit between windings of the same
coils called as the inter-turn short circuit fault. The mechanical
fault in case of PMSM might be due to a faulty bearing, air gap
flux difference, rotor eccentricity, shaft misalignment, or mass
unbalance.
For a reliable and smooth operation of the system, it is required to detect these faults early to avoid a total system failure.
In past, different studies about design, control, and problems of
motors have been conducted [4–8]. Several authors proposed
different techniques to tackle this kind of problems. In [9], a
fault diagnosis and monitoring system using Kohonen neural
network was proposed. For identification of rotor faults an online diagnosis method using flux signals was described in [10].
A method to detect and diagnose serial wound starter motor
faults using suitable features by a feedforward multilayer neural
network was presented in [11]. Fuzzy logic-based fault detection system was developed for implementation on emergency
vehicles in [12]. In [13], the authors evaluated wavelet-based
schemes based on neural network and support vector machine
(SVM) for bearing fault detection and classification. An artificial neural network (ANN)-based fault diagnosis system for
PMSM using feedforward neural network for short circuit faults
in stator windings was presented [14]. Authors detected faults
in switched reluctance motor using the Kohonen neural network [15]. The discrete wavelet transform (DWT) based feature
extraction method for switching fault detection was proposed
in [16]. Another work on inverter switching faults using neural
network was proposed in [17].

Figure 1. Structure of fault detection and identification system.

ical) for PMSM in an electric vehicle. The proposed system
works on the motor current signature analysis method. By just
analyzing the three-phase current of the motor and using simple features, the proposed system works efficiently to detect
and identify the faults without any need of extensive feature
extraction and complex calculations.
The proposed fault detection and identification system is
designed in MATLAB/Simulink and simulations are carried
out under different fault scenarios. The result shows that the
proposed system is efficient and simple enough to detect and
identify the faults for PMSM in an electric vehicle. This paper
is divided into following sections: Section 1 provides an introduction; Section 2 describes the structure of fault detection and
identification system; Section 3 contains the simulation studies
and results; and Section 4 outlines the conclusion.

2.

Structure of Fault Detection and Identification System

All these fault detection methods were designed to detect
some specific types of fault; these fault detection methods can
detect either an electrical fault or mechanical fault but are not
good enough to act as an integrated method to completely detect
and classify the faults. Some are good enough to detect electrical faults and can distinguish the fault types but they cannot
detect mechanical faults.

Structure of fault detection and identification system is shown
in Figure 1. An electric vehicle system based on PMSM is developed using the vehicle dynamics implemented in [18]. MATLAB/ Simulink is used to design and implement the proposed
algorithm. Initially, three-phase motor current is converted to
two-phase (α-β) using Clarke transformation and features are
extracted from the Clarke transformed current pattern.

In cases when some are efficient enough to detect mechanical
faults, they, however, fail to detect electrical faults. In this work,
an integrated fault detection system is developed to efficiently
detect and classify the fault types (both electrical and mechan-

These features are given as an input to a neural network that
computes the output on the basis of the training data.
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(a)

(b)

Figure 2. Block diagram of PMSM control system.
2.1

Figure 3. Block diagram of controller: (a) outer control loop and (b)
inner control loop.

PMSM Control

The proposed system comprises of a PMSM driven by an inverter. Figure 2 shows the control mechanism used to operate
the PMSM.
In case of an electric vehicle, the main source of power is
batteries. Batteries provide DC power regulated by a DC/DC
converter and this regulated DC power is converted to threephase controlled AC using a three-phase inverter to operate the
motor. In order to control the PMSM operation, vector control
technique is implemented. The control technique comprises of
two loops of operation:
1) Outer control loop (speed controller).
2) Inner control loop (current controller or vector controller).
The outer control loop works by taking the motor output
speed ωl and speed reference ωref as inputs and gives torque
reference Te ∗ as an output. A PI controller is used to control
the operation of the system. Torque reference generated by the
outer speed control loop is given as an input to the inner control
loop. The torque reference is converted to three-phase current
reference using d − q transformation and compared with the
motor three-phase current to generate the gate driving pulses.
Eq. (1) was used to convert reference torque to current.
Te ∗ =

3
np [λm iq + (Ld − Lq ) id iq ] .
2

(1)

The block diagram of the control system is shown in Figure 3.
2.2

Feature Extraction and Neural Network System

Features are extracted from the Clarke transformed (α-β) current patterns. The selection of feature plays an important role
in the efficiency of the fault detection system. Features were
www.ijfis.org

selected carefully to decrease the computation time and increase
the efficiency of the fault detection system. The extracted features are mean, standard deviation and angle, and are given
as:
P
Iα
,
(2)
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n
P
Iβ
,
(3)
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n
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Iα
where, Iα and Iβ is the Clarke transformed two-phase current
signal along (α-β) axis, Iα and Iβ is the mean, σIα and σIβ
is the standard deviation, and θ is the angle between the two
axis. Figure 4 shows the basic coordinate system for Clarke
transformation.
Extracted features are used to train the neural network. A
feedforward network-based ANN is used to identify the faults.
The proposed neural network is based on an input layer with
5 neurons, one hidden layer, and one output layer with 16
neurons corresponding to the number of detected faults. The
target output of the system was 1 in case of any fault. The target
output for a normal case would be as follows:
Target Output = [1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0],

(7)

where 1 represents the faulty condition and 0 represents that
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air gap flux difference the flux linkage of the motor is changed
and the fault is created.
Using motor current signature analysis, three-phase current
of the motor is monitored under different fault scenarios. This
three-phase current is converted to two-phase using Clarke
transformation and features are extracted. Extracted features
are given as an input to neural network and faults are detected.
Figure 6 shows the Simulink model for the fault identification
system.
3.2
Figure 4. Three-phase to (α-β) coordinate system for Clarke transformation.
currently there is no fault.

3.

Simulation Studies

The proposed fault detection and identification system was
modeled in MATLAB/Simulink. The Simulink model of the
system is shown in Figure 5.
3.1

Fault Categorization and Implementation

The system is tested under 16 different fault scenarios including
both electrical and mechanical faults. The electrical faults
are the following: short circuit fault caused by a short circuit
between any of the three phases; open circuit fault caused by an
open circuit in any of the three phases; and inverter switching
faults caused by a short or open circuit in any of the switching
devices. Further, the inverter switching faults are classified into
single, double, and triple switching faults caused by a short
or open circuit in a single or multiple switching devices. The
mechanical faults are bearing fault caused by the faulty bearing
and air gap flux difference fault caused by the difference in the
air gap flux in the motor.
For short circuit electrical faults, a short circuit between
the two phases is made by using a resistance of very small
value. Whereas, in case of open circuit faults, the fault is
implemented by disconnecting one of the three phases. Inverter
switching faults are implemented by creating a short circuit or
an open circuit by using the resistance of small and high values,
respectively. In order to implement the mechanical faults, such
as bearing and air gap flux difference fault, changes in the
parameters of the motor are made. In case of faulty bearing the
friction caused by the bearing will be high; and by changing the
friction coefficient of the motor, this fault is implemented. For
23 | Ali Rohan, Mohammed Rabah, and Sung Ho Kim

Results

It can be seen from the Figure 7 that every fault gives a pattern
that differs from the normal case. In the normal case the output
is a complete circle, but in case of a fault the output is biased
with some specific pattern. By monitoring these fault patterns
and extracting the features, faults are distinguished.
Figure 8 shows the results obtained on the output of the
neural network. In case of normal fault the output values will
be 0 but in case there is a fault the neural network will give
the output as 1. By observing the output value of the neural
network, faults can be identified easily.
The proposed fault detection and identification system is
tested for each fault mentioned before and simulations are carried out to test the performance of the system. The system is
able enough to detect and identify single as well as multiple
faults. The accuracy of the proposed system is 100% and results clearly show that the system is able enough to detect and
identify faults effectively and efficiently.
3.3

Performance Evaluation and Comparative Study

Performance evaluation of the proposed technique is done by
comparing it with some previously implemented techniques for
fault detection and identification such as Technique 1 in [17]
and Technique 2 in [16]. All the techniques are implemented in
MATLAB/Simulink and simulations are carried out repeatedly
to get the results. Output results show that proposed technique
is much better in comparison to Techniques 1 and 2 as it can
detect single, double and triple switching faults, inter-turn short
circuit fault and mechanical faults with 100% accuracy in one
cycle period of output current or voltage. Table 1 shows the
detected faults and description.
Using Technique 1 [17], the system shows high accuracy in
single and double switching faults but 95% accuracy in case of
triple switching faults and inter-turn short circuit fault, due to
less number of features to differentiate the faults. For mechani-
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Figure 5. Simulink model for the overall system.
Table 1. Detected faults and description
Fault
AB short
BC short
AC short
Figure 6. Simulink model for fault identification system: feature
extraction and neural network.

Bearing fault

S3

In the case of Technique 2 [16], the system shows high accuracy in single and double switching faults but triple switching
fault and inter-turn short circuit fault accuracy is nearly 70%
and for mechanical faults 85% due to the similarity of feature
data in such complex case. The reason behind its slow detection is the complex method to identify and detect the faults.
www.ijfis.org

Fault due to the short or open circuit
between two phases
Inter-turn short circuit
Fault due to faulty bearing in motor

S1
S2

cal faults, the accuracy of the system is 90%. The reason behind
this issue is that in case of triple switching faults, inter-turn short
circuit faults and mechanical faults, two-dimensional pattern
similarity is high and we have a small number of features to
identify the specific switch fault. Therefore, the neural network
is unable to identify the specific fault due to many similar data
and mix up the fault type in the end. The number of features
used is 9.

Fault description

S4
S5

Single switching fault due to
the open or short circuit
in one switching device
in an electrical drive

S6
S1 & S4
S2 & S5
S1 & S4 & S6
S2 & S3 & S5
Air gap flux diff.

Double switching fault due to
the open or short circuit
in two switching devices
in an electrical drive
Triple switching fault due to
the open or short circuit
in three switching devices
in an electrical drive
Fault due to difference
in the flux linkage

In this technique, the number of features used is 13. Initially,
DWT is used to extract the features in separate file due to the
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Figure 7. Fault pattern of the Clarke transformed current signals.

Figure 8. Output results for different fault conditions.
system complexity and these features are saved in MATLAB
workspace. Then in the separate Simulink file, these features
are used to detect and identify the faults using a neural network.
Likewise in a real system, this data similarity while detection or
dissimilarity with the trained neural network can happen due to
random noise or other environmental uncertainties. In the case
of proposed fault detection and identification technique, the
system shows very high accuracy in single, double and triple
switching faults, inter-turn short circuit faults and mechanical
faults. The number of features used is 5. The system takes less
computational and detection time with independent features for
all types of faults. Table 2 shows the comparison between the
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proposed Techniques 1 and 2.

4.

Conclusion

An effective and efficient method to detect and identify the
faults for PMSM in an electric vehicle system has been proposed in this work. MATLAB/Simulink is used to model and
implement the proposed method. The system works on the
motor current signature analysis phenomenon with the ANN
based fault detection and identification technique. The system is
tested for electrical as well as mechanical faults. The simulation
results show that the proposed fault detection and identification
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Table 2. Comparison of proposed and previous techniques
Fault

Technique 1
Accuracy Response
(%)
time

No. of
features

Technique 2
Accuracy Response
(%)
time

No. of
features

Proposed technique
Accuracy Response
No. of
(%)
time
features

AB short
BC short

95

70

AC short
Bearing
fault
S1

90

85

100

S2
S3

100

Medium

9

100

Medium

13

100

Fast

5

S4
S5
S6
S1 & S4
S2 & S5
S1 & S4
& S6
S2 & S3
& S5
Air gap
flux diff.

95

90

100

95

70

100

90

85

100

system is able enough to identify the faults for PMSM in an
electric vehicle system.
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