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ABSTRACT
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This article presents a simple approach to identify an induction motor model which is used in
a traction control system for the purpose of slip prevention. In this study, an identified model
has been extracted by real and identified parameters of the induction motor in the MATLAB,
Simulink; as the purpose of this study is to identify a linear model for the induction motor, the
speed control loops have been opened, therefore d-q voltages have been designed as the exiting
inputs. After several considerations and examination, ARMAX model has been selected as a
mathematical model in the identification process, then the open loop identified model has been
replaced in the closed-loop structure, and by using the real data measurements, obtained from
the closed-loop system in the Advanced Motion Control Laboratory, the open loop extracted
model is verified.
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1. INTRODUCTION

performance and kept the slip ration in an optimal value, it is
indispensable to bring up an accurate model of the induction
motor as an electromechanical actuator in the traction control
system. Modeling and simulation have been widely used both
in the designer and user stage for predicting and studying
steady-state and transient behavior of the induction motors [5].
Induction motor identification is classified into two categories.
The first one is related to the parameter identification and the
second one is concerned with black, gray box modeling of an
induction motor.

One of the most important milestones of recent decades is
the advent of the traction control system for an electric vehicle
which has played a prominent role in improving the
transportation systems. Traction controllers are used to
controlling a vehicle under adverse external conditions [1]. In
the railway vehicle, increasing the slip ratio decreases the
friction between the rail and the wheel, and consequently, it
reduces the tractive effort, which is not desired [2-3]. In the
railway, slip occurs when the friction between the rail and
wheel is low and, the peripheral speed of the wheel is more
than the longitudinal velocity of the rail vehicle [2]. According
to this statement, the slip ratio in traction mode is defined as
follows:

=

1.1 Parameters identification of an induction motor
Numerous methods for induction motor parameter
identification have been developed. These methods are
categorized to on-line and off-line parameter estimation
methods for application in high-performance drives [6]. The
offline methods perform the parameter identification while the
motor is at a standstill and no torque is required from the
mechanical load. This kind of procedure is usually performed
during the initialization of the motion control process [7-11].
Differently, the online approaches execute the IM
identification while the electric drive is operating normally, i.e.
while motion control is performed [12-17]. The main
advantage of this kind of solution with respect to the previous
ones is the capability of tracking the slow variation of motor
parameters during operating conditions [18].

r − v
v

where λ is the slip ratio, v is the longitudinal velocity of the
train, ω is the angular velocity of the wheel and is the rolling
radius of the wheel. In order to prevent wheel slippage and
intensify traction forces, locomotive traction control systems
are widely used to maximize the friction coefficient between
the rail and wheels. Using a traction control system, the slip
ratio keeps in an optimal amount, improving the tractive effort
which causes a reduction in both energy consumption and
maintenance costs. By maximizing the tractive force between
the wheels and rail, a traction controller prevents the wheel
from slipping [2-3]. The induction motors have been widely
applied as the traction motor because of the low maintenance,
low cost [4]. Advances in power electronics and
microprocessor technology make it feasible to use the
induction motors in place of DC motor and synchronous
motors in a wide range of servo applications.
In order to get a traction control system had the desired

1.2 Black or gray box modeling of an induction motor
In these works, the transfer functions representing the motor
drive model are estimated using identification algorithms. This
approach is considered the system as a black box [19-21].
Modeling and simulation are basic stages for the designer and
user to predict and studies the transient and steady-state of a
certain process [20-22]. Arrofiq et al. [20] Suggested an
identification of a system arranged by a variable speed drive,
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an induction motor, and a dynamometer. This system has two
inputs, variable speed drive control voltage and load applied
and its output is speed. In this application, some model
structures such as ARX, ARMAX, Output-Error (OE), Box
Jenkins (BJ), state-space model are considered. In the end, the
best fit model is selected. The identification results in three
poles, single zero with dead time process-model.
Identified the black-box model of an induction motor to
obtain a linear model [5]. They assumed the noise/disturbancefree model structure (ARMAX) to identify the induction motor
by a pseudo-random binary sequence (PRBS) chosen as the
input signal. In this application voltage signal sent to the
industrial frequency inverter is the input and motor speed is
the output signal. In some researches neural network was used
to identify a model such as ([21, 23]). Akbari et al. [23] used
the recurrent neural network introduced by Elman [24] to
identify a dynamic model of an induction motor in all states
and conditions whether transient or steady. They used the load
torque as the input and the q current as the output to learn the
neural network.
Mohamed and Koivo [21] proposed a neural network ARX
model. They have used a PRBS signal for Voltage signal
which should be sent to the industrial frequency inverter as the
input signal and measured motor speed as the output signal.
Paper [19] proposed a gray-box identification of an induction
motor model. Researcher [21] used PEM identification
algorithms to derive the transfer function. In this experimental
application, the outputs of the current PI controllers in FOC
structure are the input signal of the identification process and
the speed and dq currents are the outputs of it.
This study deliberated over identifying the interdependent
dynamic linear models for an induction motor as an actuator
in a traction system, simulated in a setup. This setup is made
by researchers in [25]. In order to analyze the slip control in
the traction mode in a railway vehicle, Sadr et al. [25]
introduced a hardware setup, simulating the movement of the
electrical train wheel on the rail. They used a mathematical
model for the movement of the train and motor to design a slip
control and validate it by using the proposed setup. In this
experimental process by deriving three interdependent transfer
functions, the dynamic model of the induction motor is
identified. One of these transfer function models the relation
between the angular velocity of the rotor and the outputs of the
current PI controllers in FOC structure and the other ones
represent the relation between output d-q currents and the
outputs of the current PI controllers in FOC structure. This
paper is concerned with the Black Box modeling of the
induction motor of test data. Data obtained using a computerbased data acquisition card, the aim of the work described in
this paper is to obtain a dynamic linear model of the induction
motor directly from test data to simplify designing a slip
controller for the test setup.

the conclusion is presented in section VI.
3. TESDT SETUP
Figure 1 represents the schematic of the test setup,
simulating the movement of an electric train wheel on the rail.
This hardware device is consisted of two parts, power
electronic part, and control part, implemented to control the
adhesion coefficient in different operating points. First, a
general description of the structure of the test setup is
represented then; a brief description of the control structure is
presented.

Figure 1. Main parts of the test set up [25]
3.1 General structure of setup
In order to simulate the rail and wheel conditions, two steel
wheels are tangent to each other at their contact place. The one,
playing the role of the train wheel is coupled from two sides
with a shaft encoder and a three-phase induction motor,
respectively. This part simulated a traction motor contacted to
the train wheel and the driven wheel speed is measured by
shaft encoder. The other wheel plays the role of rail and is
coupled with a shaft encoder in one side and on the other side,
it is coupled with a 3-phase synchronous generator. The speed,
sensed by the shaft encoder is equivalent -with the longitudinal
velocity of the train. The synchronous generator is connected
to a parallel series of electrical resistance, built from light
bulbs, representing trainload.
3.2 Speed control strategy
In order to implement the speed control method and
adhesion control strategy, a microprocessor is needed. A
TMS320F2812 Digital Signal Processor (DSP) is used in the
microprocessor part. The main objective of this implemented
scheme is to control the adhesion coefficient. In addition to the
adhesion control strategy, the inner control loop of the system
is speed control of induction motors.

2. PAGE SETUP
Section II represents the schematic of a test setup,
simulating the movement of an electric train wheel on the rail.
Designing an appropriate exiting input has been done in
Section III. In section IV identification algorithm has been
proposed. In order to confirm the validity of this identified
model, extracted from the real and identified parameters of the
IM in the MATLAB Simulink, this model is validated by real
measurements in a closed-loop system in V section. Finally,

3.3 Field oriented control (FOC)
As it has been mentioned before, in the structure of this
setup, the induction motor is used as the traction motor and its
speed should be controlled. Induction motor control methods
are divided into scalar and vector control. In the presented
setup, field-oriented control (FOC), is used to control the
induction motor. The scheme of the FOC is shown in Figure2.
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As it is shown in Figure 2, FOC consists of a torque PI
regulator, coordinate transformations, Current regulators and
PWM signals generator [26-27]. As the purpose of this study
is to identify a linear model for the induction motor in different
operating points, the control loops should be opened; therefore
d-q voltages (Vds, Vqs) in FOC structure cannot be produced
by PI regulators. By designing d-q voltages and applying these
two voltages, the motor should be excited. In fact, in this
scheme by considering the zero speed condition, the
identification of the internal current loop model is carried out
by excluding the external loops of speed and flux.
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the induction motor as the inputs in the MATLAB Simulink;
therefore the none-controlled angular speed of the induction
motor is the output of this simulation. So in this process, in
addition to opening the speed control loop, the current
regulators are also omitted from the vector control structure.
Using the system identification toolbox and having inputs and
output vectors of the simulated induction motor (based on real
identified parameters), open loop model is extracted. Then,
this model is verified based on the real experimental data,
measured in the laboratory in the closed-loop FOC system.
Regarding the closing loop of the FOC system in the
laboratory, the theoretical identified model is validated in the
closed-loop FOC system by using real measurements. Using
data accusation, the three-phase currents and the speed of the
induction motor in the closed-loop system are measured in the
laboratory. Therefore, in this approach, by substituting the
open loop mathematical model of the induction motor in the
closed-loop control system, this theoretical open loop model is
validated by using real data of the closed-loop FOC system.
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4. INPUT DESIGN
An important step in the identification process is the design
of an appropriate input to excite the system within the
frequency range according to the dynamics of the motor. This
signal should be Persistently Exciting of an appropriate order.
PRBS and PRMS are two important signals in identifying
linear and nonlinear models of different systems. The PRBS
signal is commonly used to identify linear models and is not
sufficiently Persistently Exciting for the nonlinear systems.
While the PRMS signal fully identifies a nonlinear system and
has many favorable PRBS features [28-30].
PRMS is the multiple-level generalization of GBN (Ground
Bayesian Network) of Tulleken (1990) [31]. The amplitude of
the PRMS has a uniform distribution over the signal range.
The signal amplitude can have both discrete and continues
values in the signal range. 𝑇𝑠𝑤 is the average switch time of
the signal and can be set 𝑇𝑠𝑤 = 𝑇𝑠 /3 where 𝑇𝑠 is the 98 %
settling time [32]. Let be a white noise process with variance
𝜎𝑣2 . A PRMS is obtained by keeping the same (amplitude)
value for 𝑁𝑠 steps (increasing the block period), i.e,

Figure 2. Block diagram of the FOC for an induction motor
Firstly, the identification of the induction motor has been
done in MATLAB system identification toolbox; using the
real parameters of the induction motor, identified in the
Advanced Motion Control Laboratory through a VLT
Automation Drive FC 300 Danfoss as shown in Figure 3.
Based on automatic motor adaptation, the stator resistance Rs,
the rotor resistance Rr, the stator leakage inductance L1, the
rotor leakage inductance L2, and the main reactance Xh are
identified. This parameter cannot be adjusted while the motor
is running. After a normal sequence, these parameters are
shown on the drive display, shown in Table 1.

  k −1  
u (k ) = v int 
 + 1 , k = 1, 2,...
  Ns  

where int(x) is the integer part of x.
A generalization of this signal is obtained by introducing an
additional (random) variable for deciding when to change the
level

Figure 3. Test setup and VLT automation drive FC300
Danfoss

u (k − 1) with probability 
u (k ) = 
with probability 1 − 
u (k )

Table 1. Table title
Stator Resistance
Rotor Resistance
Stator Leakage Inductance
Rotor Leakage Inductance
Main Reactance

(1)

5.3743 Ω
3.5395 Ω
3.5530 H
3.5530 H
200.591 Ω

(2)

It is clear that if a is chosen close to unity, the input will
remain constant over long intervals and hence be of lowfrequency character. Practical experiences have shown that the
best model performance will be achieved if the duration of a
change (or hold time) in amplitude is selected as a trade-off
between two facts. On the one hand, the duration has to be long
enough to cause an effect on the output. On the other hand, too
long a time will not give any more dynamic information about
the system. Thus, a rule of thumb is: a suitable hold time has

The identified models are two open loop transfer functions
which can be substituted in the closed speed control loop. The
purpose of opening the loop is to remove the speed control
loop in the FOC structure and, apply d-q voltages directly to
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to lie close to the settling time of the step response of the
system [33]. To deal with this important issue, PseudoRandom Multilevel Sequences (PRMS) is designed.
The excitation input signal, PRMS is applied to FOC
scheme as the DC reference voltages, 𝑣𝑑∗ , 𝑣𝑞∗ which are the
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current PI regulator outputs as shown in Figure 2 and Figure 4.
The angular speed of the induction motor is the output of this
open loop system. Using the real measured three phase
currents and the angular speed of the induction motor a linear
model is identified. The model is evaluated and verified in a
closed-loop system, shown in Figure 4.
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Figure 4. Applying of PRMS signal to the IM as the exciting inputs in an open loop system, using real measurements in
MATLAB Simulink
4.1 Evaluation of the behavior of three-phase induction
motor by applying different inputs

the system frequencies. By designing several inputs, we
obtained an appropriate range of acceptable frequencies to
stimulate the induction motor.

Properly applied inputs play an important role in stimulating
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Figure 6. Exciting Inputs, (b) Comparison of the identified model output and real model’s output
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Figure 7. (a) Exciting Inputs, (b) Comparison of the identified model’s output and real model’s output
0.15 seconds, the input range has been fixed and its frequency
has increased from 0.75 Hz to 1 Hz. The reason for adopting
this method in this input design is to produce a soft signal at
the moment of motor start and to consider the acceptable
frequency range for better identification of the dynamic model
of the motor.
Power Spectral Density (PSD of the exciting input has
shown in Figure 9. It tells us where the frequency is lower than
2 Hz, the average power is distributed as a function of
frequency.

As shown in Figure 5, Figure 6 and Figure 7, the induction
motor has not been stimulated when input frequencies are
greater than 1.5 to 2 Hz, as well as at the moments, when the
voltage Vd is variable. Based on the above reasons, these
inputs cannot conduce to a correct identified model, so we try
to design the input in a way which mostly includes frequencies
below 2 Hz and considers Vs constant.
According to what was discussed in the previous sections,
Figure 8(a) is an appropriate input for the identification
process. In this input design, the Vq has been initially
produced at small amplitudes but with high frequencies. After
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Figure 9. Power Spectral Density (PSD) of main designed input
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5. IDENTIFICATION ALGORITHM

reduced to a lower order. Thus, with the elimination of the
non-dominant pole, we have:

After input design, we should choose a model for the threephase induction motor. Since the induction motor has 5 state
variables, we choose the ARMAX model as a mathematical
model in the identification process. The Prediction Error
Method (PEM) and system identification toolbox of
MATLAB software has been used in model identification. Due
to the presence of noise in the data acquisition environment
and the considered mathematical model, used in the
identification process, we used PEM as the identification
algorithm. Generally, PEM is one of the system identification
methods that calculate the model parameters to provide the
best estimation of system output [30, 29].
Using the identification algorithm in the system
identification toolbox, we extracted the three-phase induction
motor model in an open loop system. As shown in Figure 4,
after applying the reference voltages, Vd and Vq as the
exciting inputs to the induction motor, the angular speed of the
induction motor is measured. Using these inputs and output in
the system identification toolbox of MATLAB software, we
extracted the mathematical model of the induction motor in an
open loop system. The extracted transfer function of the
system output (motor angular speed) for Vd and Vq inputs and
noise is as follows:
y =

−1.2z −1 − 1.2z −2
1 − 1.463z −1 + 1.569z −2 − 0.9675z −3 + 0.2604 z −4
−1

+

0.9006z + 0.4277 z

+

u1

1 − 1.463z + 1.569z −2 − 0.9675z −3 + 0.2604 z −4

z 3 − 0.8261z 2 + 0.9281z − 0.3417
+

u1

−0.03647 z 3 + 1.062z 2 + 0.7444z + 0.8549
z 3 − 0.8118z 2 + 0.936z − 0.3358
+

1.313z 2 + 0.8147 z + 1.51
z 2 − 0.06238z + 0.594

(4)
u2

e

Regarding Figure 4, The d-q currents can be shown as
follows:
Amplitude(Amper)

20
10
Id(A)

0
-10
-20

0

0.1

0.2

0.3
0.4
Time(Sec)

0.5

0.6

0.7

Amplitude(Amper)

20
10
Iq(A)

0
-10
-20

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

(3)
By data sampling of the above currents, Figure 10 and
considering them in the MATLAB system identification tool,
the voltage-current transfer function derives based on the
ARMAX model. The output conformance of these models and
the IM simulation, which generates the d-q currents are shown
in Figure 11.

u
−4 2

1 − 0.301z −1 + 0.2484z −2
−1

0.07609z 3 − 1.529z 2 − 1.419z − 1.702

Figure 10. d-q currents generated in the IM simulation in
MATLAB Simulink
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In order to simplify the calculation, the model can be
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Figure 11. Exciting Inputs, (b) Comparison of the identified model output and real model’s output
The identified models for the current-voltage transfer
functions after order reduction are as follows:

(2).

Identified transfer function for Voltage-Q current:
Iq =

(1).
Id =

Identified transfer function for Voltage-d Current:

0.002301z 2 − 0.0003886z + 0.003027
0.005495z 2 + 0.007699z − 0.01436
u1 +
u2
z 2 − 0.142z + 0.9968
z 2 − 0.142z + 0.9968
1.641z 2 − 0.6641z + 1.248
+
e
z 2 − 0.142z + 0.9968

(5)

−0.0001422z 2 − 0.001546z − 0.001974
−0.001091z 2 + 0.01722z − 0.01515
u1 +
u2
z 2 − 0.1407z + 0.9968
z 2 − 0.1407z + 0.9968
2
1.046z + 0.01544z + 0.6445
+
e
z 2 − 0.1407z + 0.9968

(6)

By replacing the identified models in the structure of Figure
2, the block diagrams of the induction motor with its speed
control loop changes to the simplified closed-loop speed
control system Figure 12.
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with the real system output by the same inputs. In system
identification, model validation involves testing of the
residuals which is the difference between measurements and
the system model outputs. When the extracted model properly
describes the real system behavior, the residuals contain only
observation noise. In this section, the open loop identified
model has been replaced in the closed-loop structure and using
the real data measurements, obtained from the closed-loop
system in the Advanced Motion Control Laboratory, the openloop extracted model is verified.
6.1 Autocorrelation
consideration

and

cross-correlation

band

In Figure 13 the autocorrelation of the residual of the first
and second channel outputs and the cross-correlation between
the input and output of the first and second channels for the
speed transfer function is in the three-sigma limits is shown.
Since the autocorrelation is not extracted from this band, the
identification is done correctly.

6. VALIDATION
Validation of this model is performed in order to determine
whether the extracted model is credible or not. A common way
of validation is to compare the output of the extracted model

(a)

(b)

Figure 13. Autocorrelation of the residual of the first and second channel outputs and the cross- correlation between the input and
output of the first and second channels
6.2 Validation based on real measurements
In order to validate the extracted model based on the real
parameters of the induction motor, data acquisition and
measurements of the real induction motor has been dealt with
the advanced motion control laboratory. The motor currents
and speed has been measured by using the NI-CRIO data
logger.

Figure 15. Real data acquisition in the laboratory
6.2.1 Consideration of the identified model using real
measurements
In this section real data of the induction motor seed is
converted from a pulse to a continuous values, then by
applying the actual values of the three-phase currents and the
d-q voltages to the identified model, the motor speed could be
obtained from the identified model, and finally, with the real
speed of the comparison engine.

Figure 14. Real data acquisition in the laboratory
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6.2.2 Comparison of the actual speed of the motor with the
speed of the identified model
By applying the mentioned method, the shaft encoder pulses
convert to the angular speed of the induction motor which is
1000 rpm in the steady state. By employing the real measured
currents in the laboratory and random d-q voltages to the
identified model, the angular speed of the motor reaches to
1000 rpm in the steady state, showing in Figure 16.
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Figure 16. Comparison of the real speed of the induction
motor with the speed of the identified model
[9]
7. CONCLUSIONS
In this paper, theoretical simulations and practical datasets
were developed to extract a linear model of a three-phase
induction motor. In this process, firstly, by examining the
different inputs for different frequencies, the engine
performance was examined, and then the engine speed was
obtained by selecting the best input which had sufficient
enough PE and also the optimal frequency range. By
determining the appropriate input, the time and frequency
characteristics of the model were obtained and also statistical
characteristics such as Auto-correlation and cross-correlation
were investigated. In the next step, the identification process
and the identified model were verified by performing real
experimental data mapping to the obtained model. In other
words, the identification process was performed by closing the
loop of speed control in the vector control structure.
Subsequently, the model derived from the theoretical
simulations in an open loop identification process was
validated and verified by measured real experimental data
from the real closed-loop system.
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