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Abstract: Most of the controllers of IM (induction motor) for industrial applications have been designed based on PI controller without 
consideration of CL (core loss) and SLL (stray load loss). To get the precise performances of torque as well as rotor speed and flux, the 
above mentioned losses should be considered. Conventional PI controller has overshoot effect at the transient period of the speed 
response curve. On the other hand, fuzzy logic and ANN (artificial neural network) based controllers can minimize the overshoot effect 
at the transient period because they have the abilities to deal with the nonlinear systems. In this paper, a comparative analysis is done 
between PI, fuzzy logic and ANN based speed controllers to find the suitable control strategy for IM with consideration of CL and SLL. 
The simulation analysis is done by using Matlab/Simulink software. The simulation results show that the fuzzy logic based speed 
controller gives better responses than ANN and conventional PI based speed controllers in terms of rotor speed, electromagnetic torque 
and rotor flux of IM.  
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1. Introduction 

Accuracy of the VC (vector control) or FOC (field 

oriented control) of IM drives mainly depends on the 

mathematical model because flux and torque 

decoupling control strategies have been developed 

based on dq-axes model of IM. Performance of the VC 

is also affected by variations of motor parameters and 

by the phenomena that are not modeled and therefore 

not accounted for in the model [1]. Among various 

losses, SLL has been often neglected in the 

mathematical modelling of IM. SLL is the portion of 

losses in a machine which cannot be accounted for by 
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other losses such as friction and windage loss, stator 

I²R loss, rotor I²R loss, and core loss. It is also defined 

as additional losses representing a non-negligible term 

in the power balance of industrial induction machines 

[1, 2]. SLL inevitably appears in any ac machines and it 

has numerous sources. SLL in IM supplied from a 

power source is caused, in general, by higher flux 

density harmonics due to slotting effect, inter-bar rotor 

currents, and skewing. 

Some literature reports the speed control of IM 

without considering CL and SLL [3, 4]. Some papers 

have presented a method of IM speed control with 

considering CL and SLL [1], where PI based speed 

controller is used to control the speed of IM [1]. But 

there can be seen some problems such as overshoot in 

the speed response curve of PI control based IM. This 
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is because gain parameters of PI controller are 

determined by trial and error method. In addition, the 

performance of PI controller can be decreased under 

uncertainties of motor parameters such as rotor 

resistance variation. The above-mentioned issue may 

be resolved by incorporating a FLC (fuzzy logic 

controller) or ANN since both have the ability to solve 

problems about uncertainties or imprecise situations. 

In this paper, comparative analysis is presented 

between PI, fuzzy logic, and ANN based speed 

controllers of IM. The aim of this study is to find the 

best speed controller of IM.  

2. State Space Model of IM 

The dynamic state space model of IM in a 

synchronously rotating reference frame with 

considering CL and SLL is shown in Fig. 1 [1, 5-7]. 

The CL is represented by the resistance Rc and SLL is 

represented by resistance Rst. 

The differential equations of IM are derived from 

Fig. 1 as: 
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For squirrel cage rotor type of IM, vr = 0.  
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where, vs = vsd + jvsq, is = isd + jisq and Фs = Фsd + jФsq 

are stator voltage, current and flux, respectively; vr is 

rotor voltage; ir = ird + jirq and Фr = Фrd + jФrq are rotor 

current and flux, respectively; im= imd + jimq, ic = icd + 

jicq, irl = irld + jirlq and ist = istd + jistq are magnetizing 

current, core loss branch current, rotor leakage branch 

current and stray load loss branch current, respectively; 

ωse and ωre are synchronous angular velocity in 

electrical rad/s and rotor angular velocity in electrical 
 

 
Fig. 1  Dynamic equivalent circuit of IM with considering CL and SLL. 
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rad/sec, respectively; ωrm = ωre/Pn is rotor angular 

speed in mechanical rad/sec; Pn is the number of poles; 

Te and TL are electromagnetic torque and load torque, 

respectively; Rs, Rr, Rc and Rst are stator, rotor, core loss 

and stray load loss resistances, respectively; Lsl, Lrl, and 

Lm are stator leakage, rotor leakage, and mutual 

inductances, respectively; Ls = Lsl + Lm and Lr = Lrl + Lm 

are stator and rotor self-inductances, respectively; Bm 

and Jm are friction coefficient and moment of inertia, 

respectively. 

Using Eqs. (1)-(9), the state equations are: 
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3. Control Strategy of IM 

The overall block diagram of the system composed 

of IM and controller is shown in Fig. 2, in which 

reference rotor flux (Фr
*) and reference rotor speed 

(ωr
*) are controller inputs. In addition, d-axis current 

(Id), q-axis current (Iq), stator d-axis voltage (Vsd), 

stator q-axis voltage (Vsq), rotor flux (Фr) and rotor 

speed (ωr) are taken as feedback signal from IM. 

The controller sends the reference stator d-axis 

voltage (Vsd
*), stator q-axis voltage (Vsq

*) and slip 

frequency (ωse
*) to the IM for achieving desired 

responses of the IM. The detail about some possible 

advanced controllers of IM are discussed in the 

following subsections.  

3.1 ANN Based Speed Controller 

Fig. 3 shows the block diagram of the control 

system. The control system consists of three PI 

controllers (PI d-axis current controller, PI q-axis 

current controller and PI flux controller) and ANN 

based speed controller. The purpose of using the ANN 

based speed controller is to minimize the overshoot in 

the transient period. For the ANN based speed 

controller, error of speed and change in error of speed 

are taken as inputs and the output is multiplied with a 

scaling factor to obtain the original q-axis stator 

current (Isqt). 

ANNs are nonlinear data driven self-adaptive 

method as opposed to traditional methods. They can be 

a powerful tool for modeling the system of which 

underlying data relationship is unknown. ANNs can 

train themselves according to corrected patterns 

between input data sets and corresponding target data 

values. After training ANNs can be used to predict the 

outcome of new independent input data [8].  

An ANN contains neurons and connection lines. A 

two-layer neural network is shown in Fig. 4, where 

layer 1 is called the hidden layer and layer 2 is called 

the output layer [9]. The internal structure of artificial 

neuron is depicted in Fig. 5. It contains of net weight 

(product operator), net bias (constant), net sum (add 

operator), and a transfer function. 

The LM (levenberg-marquardt) back-propagation 

training algorithm is used in this study that updates 
 

 
Fig. 2  Block diagram of IM along with its control system. 
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Fig. 3  Control system of IM with ANN based speed controller. 
 

 
Fig. 4  Structures of ANN. 
 

 
Fig. 5  Internal structure of artificial neuron. 
 

weight and bias values according to LM optimization. 

The back-propagation training technique adjusts the 

weight and bias in all connecting links, so that the 

difference between the actual output and target output 

is minimized for all given training patterns. Normally, 

two hidden layers are sufficient to train a nonlinear 

pattern. Here, a Tan-Sigmoidal function is used in 

hidden layer and linear transfer function is used at 

output layer. Target values are obtained from PI speed 

controller. The parameters of ANN used in this study is 

depicted in Table 1. 

3.2 FLC Based Speed Controller 

Fuzzy Logic is an advanced technology that 

augments the conventional system design with 

engineering expertise. It is a linguistic based controller 

that tries to compete with the way of human thinking in 

solving a particular problem by means of rule 

interferences. It has the capabilities to deal with 

imprecise or noisy data.  
 

Table 1  Parameters of ANN. 

Number of input neurons 2 

Number of output neurons 1 

Number of hidden layer 2 

Number of neurons in the hidden layers 10 

Transfer function used at hidden layer Transig 

Transfer function used at output layer Purelin 
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Fig. 6  FLC based speed controller. (Note: ωr*= reference speed; ωr= actual speed) 
 

 
Fig. 7  General structure of FLC. 
 

Fig. 6 shows the block diagram of the FLC. This 

FLC is obtained by replacing the ANN controller in Fig. 

3 with fuzzy logic based speed controller. 

The general structure of FLC is shown in Fig. 7. The 

FLC is composed of fuzzification, membership function, 

rule base, fuzzy inference and defuzzification. 

The fuzzification includes the procedure of 

converting crisp values into grades of membership for 

linguistic terms of fuzzy sets. The membership 

function is used to associate a grade to each linguistic 

term. For fuzzification, the triangular membership 

functions with overlap are used for the input and output 

fuzzy sets as shown in Fig. 8, in which linguistic 

variables are represented as NB (negative big), NM 

(negative medium), NS (negative small), ZO (zero), PS 

(positive small), PM (positive medium), and PB 

(positive big). 

The grade of input membership functions can be 

obtained as follows [10]: 

2/)](2[)( mxwx         (14) 

where, µ(x) is the value of grade of membership, w is 

the width, m is the coordinate of the point at which the 

grade of membership is 1, and x is the value of input 

variable. 

The rules of fuzzy mapping of the input variables to 

the output are represented as the following form: 

IF <eω is PB> and <ceω is NS> THEN <cwt is PS> 

IF <eω is NM> and <ceω is NS> THEN <cwt is 

NM> 

The entire rule base is given in Table 2. There are 

total 49 rules in the table. 

According to the rule base in the table, the inference 

engine provides fuzzy value of cwt and then crisp 

numerical value of Δisqt can be obtained by using 

defuzzification procedure. Different inference engines 

can be used to produce the fuzzy set values for the 

output fuzzy variable. 

In this study, mamdani type fuzzy inference is used. 

The center of gravity method is used for defuzzification 
 

 
Fig. 8  Membership functions for inputs and output. 
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Table 2  Fuzzy rules. 

cwt 
ceω 

NB NM NS ZO PS PM PB 

eω 

NB NB NB NM NM NS NS ZO 

NM NB NM NM NS NS ZO PS 

NS NM NM NS NS ZO PS PS 

ZO NM NS NS ZO PS PS PM 

PS NS NS ZO PS PS PM PM 

PM NS ZO PS PS PM PM PB 

PB ZO PS PS PM PM PB PB 
 

to obtain cwt. The normalized output function is given 

as Ref. [10], 
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where, N is the total number of rules, µi(cwt) is the 

membership grade for ith rule and Ci is the coordinate 

corresponding to the maximum value of the respective 

consequent membership function. 

4. Simulation Results 

The design of each speed controller of IM has been 

performed by using the state space equations and the 

entire system of Fig. 2 has been developed on the 

laboratory simulator Matlab/Simulink. The core 

motive behind the design of the advanced controllers is 

to trail the reference inputs and also to overcome the 

overshooting phenomena appeared in the conventional 

PI based speed controller.  

The sampling time is taken as 200 µs. Specifications 

and parameters of IM are depicted in Tables 3 and 4. 

Three cases are considered in this simulation study.  

Case 1: Using four conventional PI controllers (PI 

speed controller, PI flux controller, PI d-axis current 

controller and PI q-axis current controller). 

Case 2: Using one ANN speed controller and three 

conventional PI Controllers (PI flux controller, PI d-axis 

current controller and PI q-axis current controller). 

Case 3: Using one FLC speed controller and three 

conventional PI Controllers (PI flux controller, PI 

d-axis current controller and PI q-axis current controller).  

Table 3  Specifications of IM. 

Rated voltage (V) 460 

Rated power (hp) 7.5 

Rated speed (rpm) 1,436 

Rated frequency (Hz) 50 

Number of poles (Pn) 4 

DC voltage (V) 400 
 

Table 4  Parameters of IM. 

Stator resistance, Rs (Ω) 0.638 

Rotor resistance, Rr (Ω) 0.6395 

Core loss resistance, Rc (Ω) 621.12 

Stray load loss resistance, Rst (Ω) 2.19 

Stator self-inductance,Ls( mH) 75.4 

Rotor self-inductance,Lr (mH) 75.0 
 

The rotor speed response of IM under the variation 

in reference speed is shown in Fig. 9 for all three cases. 

It is seen that in cases 2 and 3 there are no overshoot in 

the rotor speed but the overshoot is seen in case 1. In 

addition, the rotor speed responses in both case 2 (ANN 

based speed controller) and case 3 (FLC based speed 

controller) are identical.  

The electromagnetic torque variations in the 

transient period are much lower in case 3 than cases 1 

and 2 as depicted in Fig. 10.  

Finally, the rotor flux response of IM is illustrated in 

Fig. 11. The variation of rotor flux in the transient 

period is lower in case 3 than cases 1 and 2.  

So, from the above discussions it can be concluded 

that in terms of rotor speed, electromagnetic torque and 

rotor flux response, the FLC based speed controller 

gives better performances than ANN and conventional 

PI based speed controllers.  

5. Conclusions 

In this paper, a comparative analysis is presented 

between conventional PI, ANN and FLC based speed 

controllers. The transient performances of IM controlled 

by each controller are investigated and compared. The 

simulation results show that the FLC based speed 

controller gives appreciable performance in terms of 

rotor speed, electromagnetic torque and rotor flux than 

the conventional PI and ANN based speed controllers. 
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Fig. 9  Rotor speed response of IM under variation in reference speed. 
 

 
Fig. 10  Electromagnetic torque response of IM under variation in reference speed. 
 

 
Fig. 11  Rotor flux response of IM under variation in reference speed. 
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