© 2014,
Scienceline Publication
www.science-line.com

ISSN: 2322-5114

Journal of World’s Electrical Engineering and Technology
J. World. Elect. Eng. Tech. 3(1): 37-46, 2014

JWEET

Voltage Sag Evaluation during Induction Motors Starting Using
Artificial Neural Network

Alireza Sadoughi® and Iman Sadeghkhani®*

'Department of Electrical Engineering, Malek-Ashtar University of Technology, Shahinshahr 115/83145, Iran
*Department of Electrical Engineering, Najafabad Branch, Islamic Azad University, Najafabad 85141-43131, Iran

*Corresponding author's Email: i.sadeghkhani@ec.iut.ac.ir

Abstract — One of the most important concerns in electrical systems is to deliver energy to the consumers
with high power quality (PQ). Because of great importance of voltage sag among all PQ events, this paper
presents evaluation of voltage sags caused by induction motors (IMs) starting. Malfunctioning or failure of
sensitive loads is main effect of this phenomenon. Both depth and duration of voltage sag are evaluated in
this work using artificial neural network (ANN). Both multilayer perceptron (MLP) and radial basis
function (RBF) structures have been analyzed. Six learning algorithms, backpropagation (BP), delta-bar-
delta (DBD), extended delta-bar-delta (EDBD), directed random search (DRS), quick propagation (QP),
and levenberg marquardt (LM) were used to train the MLP. The simulation results show that proposed
technique can estimate the voltage sag characteristics with good accuracy. Also, it is shown that the LM
and EDBD algorithms present better performance for evaluating of voltage sag magnitude and duration.

Keywords: Induction Motors, Multilayer Perceptron, Motor Cable, Radial Basis Function, Voltage Sag.

INTRODUCTION

The study of power quality (PQ) disturbances
continues to receive remarkable attention because of
additive utilization of voltage sensitive equipment and
power electronic devices. In other words, due to
incremental sensitivity of customer equipment and their
awareness about effect of small variation in the quality of
electrical supply, quality of electricity service must be as
high as possible. The main power quality disturbances are
harmonics, inter-harmonics, voltage sag/swell, voltage
flicker, frequency fluctuations, noise, notch, transient
overvoltages, voltage interruption, and voltage unbalance.
Among all of them, voltage sag is one of the most
frequent causes of equipment malfunctions and costly
disruptions of industrial processes [1-7].

According to the IEC 61000-4-30 standard, voltage
sag (dip) is defined as “a temporary reduction of the
voltage at a point of the electrical system below a
threshold” [8]. This threshold is determined by the IEEE
1159-1995 standard as 90% of the nominal voltage [9].
The latter standard defines voltage sag as reduction in
root mean square (RMS) voltage between 0.1-0.9 p.u. for
a time greater than 0.5 cycles to one minute at power
frequency. The main causes of voltage sags are faults and
inrush currents due to motor starting/transformer
energization. In this paper, voltage sags caused by
induction motors (IMs) starting is investigated because

these motors are widely used in the various sections of the
world including industrial, domestic, educational sections,
etc. [10-11].

One of the steps for improving power quality is
measurement of PQ disturbances. For this purpose, this
paper proposes an intelligent approach to estimate voltage
sag during IMs starting. In this paper power system
blockset (PSB), a MATLAB/Simulink-based simulation
tool, is used for calculation of voltage sag [12]. In order to
study various conditions of starting an IM, many possible
system configurations must be considered which needs
many time-domain simulations resulting in a large
amount of simulation time. This paper presents a real-
time estimator for voltage sags. The artificial neural
network (ANN) is used as intelligent tool for this purpose.
A tool such as proposed in this paper that can give the
voltage sag characteristics will be helpful to the
manufactures and operators during design and operation
stages. The ANN is trained with the most commons
structures and algorithms. In the proposed estimator, we
have considered the most important aspects which
influence the voltage sag such as supply voltage, cable
resistance and reactance, stator/rotor resistance and
reactance, load torque and total inertia. This information
will help the companies and operators to design and
handle IMs and sensitive loads safely with voltage sags
appearing safe within the limits. Results of the studies
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show that developed ANNs can estimate voltage sags
caused by induction motors starting with good accuracy.

STUDY SYSTEM MODELLING

A. Induction Machine

The electrical section of induction machine is
represented by a fourth-order state-space model and the
mechanical section by a second-order system [13]. All
electrical variables and parameters are referred to the
stator. All stator and rotor quantities are in the arbitrary
two-axis reference frame (d-q frame).

B. Connecting Cable

Usually cables are modeled using series resistance
and inductance and parallel capacitance in the distributed
form or in the PI form [14]. Since cable length between
IM and its supply is short (in comparison with high-
voltage transmission cables) and therefore value of
parallel capacitor is low, effect of this capacitance on the
voltage sag is small; therefore this capacitance can be
neglected in this evaluation. Simulation results, shown in
Fig. 1, also verify that this capacitance has negligible
effect on the voltage sag depth and duration. This
capacitor has significant effect in the transient studies of
induction machines [15]. Therefore, connecting cable is
modeled by a series equivalent resistance and reactance.
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Fig. 1 - Voltage sag magnitude and duration as cable capacitance. All
other parameters are fixed.

VOLTAGE SAG CHARACTERISTICS

Voltage sag caused by IMs starting current is one of
the main causes of sensitive equipment dropout [3]. Thus,
this phenomenon should be evaluated accurately. As
mentioned above, RMS voltage reduction by 10%-90% of
rated voltage with duration from half a cycle to 1 min is
called voltage sag. Based on this definition, a voltage sag
has two main characteristics: magnitude (depth) and
duration. A typical voltage sag characteristics is shown in
Fig. 2. The magnitude of voltage sag can determine in a
number of ways. The most common approach to obtain
the sag magnitude is to use RMS voltage, which is
adopted in this paper. If the magnitude of the voltage

drops below 10% of the nominal voltage, the disturbance
is classified as an interruption [1]. In the other hand, the
duration of a voltage sag is the amount of time during
which the voltage magnitude is below threshold which is
typically chosen as 90% of the nominal voltage
magnitude.
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Fig. 2 - A typical voltage sag characteristics.

The sample system considered for explanation of
the proposed methodology consists a large induction
motor which produces notable starting current. Thus,
voltage sag phenomenon is more obvious. This system is
shown in Fig. 3. For this purpose, induction motor
KHV355-2 from VALIADIS company was considered
[16]. It is a 2 poles, 200 kW (270 hp), 3300 V induction
motor which is in the medium-voltage category.
Parameters of this motor were calculated using no-load
test, locked-rotor test, and DC test [17]. This motor is
fully simulated in the MATLAB software [12]. Fig. 4
shows voltage sags at bus 2 caused by IM starting for all
three phases. This disturbance can affect operation of
sensitive loads connected to bus 2 (for example industrial
loads).
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Fig. 4 - Three-phase voltage at bus 2. IM starts at t= 0.5 s.
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In practical system a number of factors affect the
voltage sag. In this paper following parameters were
considered:

e Supply voltage (V)

e Equivalent resistance of the connecting cable (R )
e Equivalent reactance of the connecting cable ( X.)
e Stator resistance (Rg)

e Stator reactance ( Xjg)

¢ Referred rotor resistance (R )

o Referred rotor reactance ( X| )

e Load torque (T, )

e Total rotor and load inertia (J )

In this section, effect of each parameter on the
voltage sag characteristics is presented. First, Fig. 5
shows the effect of supply voltage on the voltage sag. In
this work, adopted voltage sag is the worst case of sag
among all three phases. Effect of cable resistance
variation on the voltage sag depth and duration is shown
in Fig. 6. As shown in this figure, cable reactance more
affects sag depth and doesn’t has major effect on the sag
duration. In addition, Fig. 7 shows the effect of cable
reactance on the voltage sag. Unlike cable resistance, this
parameter affects both depth and duration significantly.
Effect of stator resistance and reactance on the voltage
sag is shown in Figs. 8 and 9, respectively. As shown in
these figures, stator resistance only affects sag duration
significantly, while stator reactance affects both depth and
duration of voltage sag. Also, Figs. 10 and 11 show the
effect of referred rotor resistance and reactance on the
voltage sag characteristics, respectively. Effect of rotor
parameters on the voltage sag is similar to effect of stator
parameters. Load torque also affects the voltage sag as
shown in Fig. 12. Moreover, effect of total rotor and load
inertia on the voltage sag characteristics is shown in Fig.
13. As shown in Figs 12 and 13, the higher the load
torque and total inertia, the more the voltage sag duration.

There are other parameters which not considered here
for evaluation of voltage sag like magnetizing reactance
and switching time. As shown in Figs 14 and 15, these
two parameters don’t affect the voltage sag depth or
duration significantly and therefore not considered here.

THE ARTIFICIAL NEURAL NETWORK

There are many types of neural networks for various
applications available in the literature [18-25]. Multilayer
perceptrons (MLPs) and radial basis functions (RBFs) are
examples of feed-forward networks and both universal
approximators. In spite of being different networks in
several important respects, these two neural network
architectures are capable of accurately mimicking each
other.
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Fig. 5 - Voltage sag magnitude and duration as supply voltage while
cable resistance 0.016 p.u., cable reactance 0.0314 p.u., stator resistance
0.008 p.u., stator reactance 0.04 p.u., referred rotor resistance 0.006 p.u.,

referred rotor reactance 0.04 p.u., load torque 15 N.m, and total inertia
2.9 kg.m%
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Fig. 6 - Voltage sag magnitude and duration as cable resistance while
supply voltage 1 p.u., cable reactance 0.0188 p.u., stator resistance 0.012
p.u., stator reactance 0.04 p.u., referred rotor resistance 0.008 p.u.,
referred rotor reactance 0.04 p.u., load torque 10 N.m, and total inertia
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Fig. 7 - Voltage sag magnitude and duration as cable reactance while
supply voltage 0.95 p.u., cable resistance 0.008 p.u., stator resistance
0.01 p.u., stator reactance 0.06 p.u., referred rotor resistance 0.008 p.u.,
referred rotor reactance 0.02 p.u., load torque 10 N.m, and total inertia
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Fig. 9 - Voltage sag magnitude and duration as stator reactance while
supply voltage 1 p.u., cable resistance 0.012 p.u., cable reactance 0.0314
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Fig. 10 - Voltage sag magnitude and duration as referred rotor resistance
while supply voltage 0.95 p.u., cable resistance 0.01 p.u., cable
reactance 0.0188 p.u., stator resistance 0.004 p.u., stator reactance 0.1
p.u., referred rotor reactance 0.04 p.u., load torque 15 N.m, and total
inertia 3.2 kg.m?.
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Fig. 11 - Voltage sag magnitude and duration as referred rotor reactance
while supply voltage 1.05 p.u., cable resistance 0.01 p.u., cable
reactance 0.0377 p.u., stator resistance 0.01 p.u., stator reactance 0.06
p.u., referred rotor resistance 0.006 p.u., load torque 15 N.m, and total
inertia 3.5 kg.m?.
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In this work, different algorithms were used to train
MLP structure: back propagation (BP), delta-bar-delta
(DBD), extended delta-bar-delta (EDBD), directed
random search (DRS), quick propagation (QP), and
levenberg—marquardt (LM). Because of space limitation,
these structures and related algorithms are not described
here. The mathematical background of BP, DBD, EDBD,
DRS, QP, and RBF can be found in [18], and LM
algorithm is fully discussed in [26]. The basic structure of
developed artificial neural network is shown in Fig. 16.

A. Training of ANN

Parameters listed in Section 3 are adopted as ANN
inputs and worst case of voltage sag magnitude and
duration among three phases are selected as ANN outputs.
To train ANNSs, all experiments have been repeated for
different system parameters. For producing learning and
testing sets, ANN inputs were varied in different steps
(depend on the parameter). 20% of these sets were used
for ANN learning and 80% of these sets were used for
ANN testing. Each ANN is trained with the goal of mean

square error (MSE) 1e-6. Fig. 17 shows the training of
neural network for all structures. Specifications of ANNs
are presented in Table 1. After learning, all parameters of
the trained networks have been frozen and then used in
the retrieval mode for testing the capabilities of the
system on the data not used in learning. The testing data
samples have been generated through the PSB program by
placing the parameter values not used in learning, by
applying different parameters. A large number of testing
data have been used to check the proposed method in the
most objective way at practically all possible parameters
variation. Relative error is calculated by the difference of
PSB output and ANN output:

o] -0

| ANN PSB| <100 1)
PSB

and absolute error is calculated as:

EI'Relative (%) =

Erabsolute =|OaNN—Opsal: 2

where Oann IS the voltage sag depth and duration
calculated by ANN, and Opgg refers to voltage sag depth
and duration calculated by PSB.
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Fig. 16 - Basic structure of developed artificial neural network.
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TABLE1 Fig. 18 shows relative errors for training and testing
SPECIFICATIONS OF DEVELOPED ANNS sets for LM algorithm. Moreover, results for a sample test
ANN Number of Number of  Training time data for all developed ANNs are presented in Tables 2
model hidden layers "o O™ |':yere [epochs] and 3, and Figs. 19-20. Tables 2 presents voltage sag
BP 2 2 158 depth calculated using PSB and developed ANNs for
DBD 3 14 326 some sample data, while Table 3 shows voltage sag
EDBD 3 19 287 duration for same data. Calculated errors for different
DRS 3 12 99 ANNs in Tables 2 and 3 are relative errors. In the other
LM 2 17 261 hand, Fig. 19 shows voltage sag magnitude and duration
QP 3 14 898 against the cable resistance, and Fig. 20 presents voltage
RBF 2 15 1081 sag against the rotor reactance.
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Fig. 18 - Relative errors of learning and testing sets for LM algorithm. (a) sag depth, (b) sag duration.
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Fig. 20 - Voltage sag vs. referred rotor reactance simulated by ANNs and PSB while supply voltage 1 p.u., cable resistance 0.01 p.u., cable reactance
0.0188 p.u., stator resistance 0.01 p.u., stator reactance 0.1 p.u., referred rotor resistance 0.006 p.u., load torque 15 N.m, and total inertia 3 kg.m? (a)
depth, (b) duration.

DISCUSSION

In this paper, voltage sag characteristics evaluated
using BP, DBD, EDBD, DRS, QP, LM and RBF neural
networks. As can be seen in the Tables 2 and 3, all trained
ANNSs can estimate voltage sag depth and duration with
proper accuracy. To select best approach for voltage sag
evaluation, a comparison has been made. Table 4 presents
a comparison between these methods based on average of
relative and absolute errors for Tables 2 and 3 sample
data. It can be seen from Table 4 that LM and EDBD
algorithms have better performance (smaller relative and
absolute errors) to evaluate both magnitude and duration
of voltage sag caused by induction motors starting.

CONCLUSION

This paper presents an artificial neural network-based
approach to evaluate voltage sag caused by induction
motors starting. Both MLP and RBF structures have been
employed for this purpose. MLP is trained with BP, DBD,
EDBD, DRS, QP, and LM algorithms. Simulation results
show that all developed ANNS can estimate voltage sag
characteristics; however LM and EDBD algorithms
present better accuracy.

This technique can help the companies and operators
to evaluate voltage sag during both design and operation
stages real-time to enhance power quality of sensitive
loads.
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