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ABSTRACT 

Adaptive control is one of the widely used control strategies to design advanced control systems for better 

performance and accuracy. Model reference adaptive control (MRAC) is a direct adaptive strategy with some adjustable 

controller parameters and an adjusting mechanism to adjust them. In this work Model Reference Adaptive Control for 

BLDC motors has been designed with a PID controller tuned by GA-ANFIS. GA-Trained ANFIS framework for tuning the 

PID controller has been proposed. This is used along with the MRAC to deliver enhanced performance in the control of 

BLDC motor. The performance of the proposed approach is validated for motor control under conditions of change in 

speed, change in load, change in inertia and change in phase resistance.. The performance is validated against convention 

PID and self tuning PID controllers. The result demonstrates a superior performance of the proposed approach.  

 
Keywords: MRAC, BLDC, GA, ANFIS, PID. 

 

1. INTRODUCTION 

Control of BLDC motor has always remained an 

active area of research. Especially the PID control of 

BLDC motor has been studied extensively for the 

optimization of different parameters of proportional gain, 

integral time and derivative time. Researchers have used 

different optimization approaches to optimize these 

parameters. Researchers have drawn inspiration from 

naturally occurring phenomena in solving these 

optimization problems. mimicking the behavior  of natural 

systems (or) naturally occurring phenomena have given 

rise to multiple optimization approaches like Particle  

Swarm Optimization (PSO) [1] Ant Colony Optimization 

(ACO) [2] Genetic Algorithm (GA) [3] Bacterial Foraging 

Optimization Algorithm (BFOA) [4] Differential evolution 

(DE) [5] Immune Algorithm (IA) [6] etc. These algorithms 

have adapted from naturally occurring process. They can 

be referred using different names with the names like 

Evolutionary Algorithms and metaheuristic approaches 

being commonly used. The metaheuristic approaches 

typically combine heuristic algorithms which are usually 

problem specific in a more generalized frame work. So, 

metaheuristics can be considered as processes which 

strategies to find an optimum (or) a near optimum 

solution. These metaheuristic approaches are approximate 

and non-deterministic and they usually employ 

mechanisms to have a good convergence and provide near 

optimum solutions.   

Similarly, ANFIS is a very effective modeling 

approach which combines the attributes of both the fuzzy 

inference system and neural network. The amalgamation 

of fuzzy logic with architectural design of neural network 

led to creation of neuro- fuzzy systems. A multitude of 

methods have been used to optimize the fuzzy 

membership functions in the literature. These methods can 

be divided into two types including derivative based and 

heuristic algorithms in general [7]. Shoorehdeli et al [8-

12] proposed hybrid methods composed particle swarm 

optimization (PSO). He used recursive least square (RLS) 

and extended Kalman filter (EKL) for training. In different 

studies, they proposed factor recursive least square for 

training the conclusion parameters and Lyapunov stability 

theory to improve the performance of ANFIS. In addition 

to these, they used NSGA-II the training of all parameters 

of ANFIS structure. Similarly Zangeneh et al [13] 

proposed a new type of training 

ANFIS is applying complex type (DE/current-

tobest/ 1+1/bin & DE/rand/1/bin) on predicting of 

Mackeyglass time series. 

Model Reference Adaptive Control (MRAC) is a 

direct adaptive strategy with some adjustable controller 

parameters and an adjusting mechanism to adjust them 

[14]. As compared to the well-known and simple 

structured fixed gain PID controllers, adaptive controllers 

are very effective to handle the unknown parameter 

variations and environmental changes. An adaptive 

controller consists of two loops, an outer loop or normal 

feedback loop and an inner loop or parameter adjustment 

loop as indicate in Figure-1. Model Reference Adaptive 

Control strategy is used to design the adaptive controller 

that works on the principle of adjusting the controller 

parameters so that the output of the actual plant tracks the 

output of a reference model having the same reference 

input.  

 

 
 

Figure-1. A Model reference adaptive control schematic. 
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In this paper we have proposed GA-Trained 

ANFIS framework for tuning the PID controller. This 

controller is used in unison with a Model Reference 

Adaptive Control (MRAC) to achieve control of a BLDC 

motor. The performance of the proposed controller is 

evaluated against a standard self tuning PID controller for 

tracking the speed changes due to sudden change in load, 

sudden change in reference speed. sudden change in 

inertia and phase resistance. The detailed model of BLDC 

is explained in section 2. Section 3 explains about GA-

ANFIS system, here the performance of a PID controller is 

compared for tuning through ANFIS and GA ANFIS. The 

GA ANFIS MARC setup is explained in section 4, while 

section 5 briefs about the results. 

 

2. MODELING OF BLDC MOTOR 

The mathematical model of BLDC has lot of 

similarities to conventional DC motors. One major 

addition is in regard to the phases which impact the overall 

functioning and efficiency of the BLDC. These phases 

typically exert their influence on resistive and inductive 

arrangement of BLDC. The schematic BLDC is illustrated 

in Figure-2. 

 

 
 

Figure-2. Schematic of BLDC. 

 

The mathematical model of DC motor is  

 

G(𝒔) = 𝟏𝑲𝒆𝝉𝒎.𝝉𝒆.𝒔𝟐+𝝉𝒎.𝒔+𝟏                                          (1) 

 

The mechanical time constant is    

 𝝉𝒎 = 𝑹𝑱𝑲𝒆𝑲𝒕                                                                         (2)  

 

The electrical time constant  

 𝝉𝒆 = 𝑳𝑹                                                                               (3)  

 

In the case of the BLDC motors the constants 

take these forms (4) and (5)  

 𝝉𝒎 = 𝑹.𝑱𝑲𝒆.𝑲𝒕 = 𝑱 ∑ 𝑹𝑲𝒆.𝑲𝒕                                                    (4) 

 𝝉𝒆 = ∑ 𝑳𝑹 = 𝑳∑ 𝑹                                                      (5) 

 

Since there is a symmetrical arrangement and a 

three phase, the mechanical (known) and electrical 

constants become (6) and (7): 

 𝝉𝒎 = 𝑱.𝟑𝑹𝑲𝒆.𝑲𝒕                                                 (6) 

 𝝉𝒆 = 𝑳𝟑.𝑹                                                     (7) 

 

Considering the phase effects, 

 𝝉𝒎 = 𝟑.𝑹∅ .𝑱(𝑲𝒆(𝑳−𝑳)√𝟑 ).𝑲𝒕                                                          (8) 

 𝝉𝒎 = 𝟑.𝑹∅.𝑱𝑲𝒆.𝑲𝒕                                                                     (9) 

 

Where 𝐾𝑒 is the phase value of the EMF 

(voltage) constant; 

 𝑲𝒆 = 𝑲𝒆(𝑳−𝑳)√𝟑                                                        (10) 

 

Also, there is a relationship between 𝐾𝑒 and 𝐾𝑡; 
using the electrical power (left hand side) and mechanical 

power (right hand side) equations; 

 √3 × 𝐸 × 𝐼 = 2𝜋60 × 𝑁 × 𝑇                                              (11) 

 𝑬𝑵 = 𝑻𝑰 × 𝟐𝝅×𝟏𝟔𝟎×√𝟑                                                                 (12) 

 𝐾𝑒 = 𝐾𝑡 × 2𝜋×160×√3                                                             (13) 

 Ke = Kt × 0.0605                                                         (14) 

 

Where  𝑲𝒆 = [𝒗−𝒔𝒆𝒄𝒔𝒓𝒂𝒅 ], the electrical torque and 𝑲𝒕 = [𝑵−𝒎𝑨 ] is the mechanical torque. Considering the 

effects of the constants and the phase, the equation for 

BLDC can be obtained as, 

 𝑮(𝒔) = 𝟏𝑲𝒆𝝉𝒎.𝝉𝒆.𝒔𝟐+𝝉𝒎.𝒔+𝟏                                                    (15) 

 

3. GA ANFIS PID CONTROLLER 

Fuzzy logic as an idea proposed by Zadeh was 

first implemented by Madani in the year 1975 [15]. 

Madani demonstrated the idea of implementing the fuzzy 

logic as a concept for use in model steam engine. 

Subsequently many applications evolved using the concept 

of fuzzy logic. Different applications of fuzzy logic for 

industrial and home applications can be found in the 

literature. Two important factors namely, selection of 

knowledge techniques and availability of knowledge base 

influence the design of Fuzzy Logic Controllers. These 

two factors primarily influence the applications of Fuzzy 

logic. This can be overcome with the use of Adaptive 

Neuro -Fuzzy Inference System (ANFIS). An adaptive 
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Neuro -Fuzzy Inference System (ANFIS) is a combination 

of an Artificial Neural Network (ANN) and a fuzzy 

inference system (FIS).ANN emulates the functioning of 

human brain and is formulated as collection of artificial 

neurons. An adaptive network has multiple layers of feed 

forward network. In this topology each node of the 

multilayer network executes specific functions on 

incoming signals. Each node has its own specific function. 

In the case of adaptive network two types of nodes namely 

adaptive and fixed nodes are present. A simple two-input 

ANFIS architecture is illustrated in the Figure-3. It is 

Sugeno fuzzy inference system architecture. In the case of 

Sugeno FIS the output membership functions are singleton 

spikes where as in the case Mamadani they are a 

distributed fuzzy set. The singleton output membership 

function simplifies the defuzzification step.  

 

 
 

Figure-3. ANFIS Architecture. 

 

In the case of Genetic Algorithm [3], the initial 

chromosomes which are randomly populated are referred 

to as parent chromosomes and subsequent generations of 

chromosomes are referred to as child (or) offspring.  The 

principle behind genetic algorithm is to involve better 

parents in the process of reproduction, so as to improve the 

chances of producing better offspring. Through this 

process of natural selection, the stronger chromosomes are 

carried forward to the next stage while the weaker 

chromosomes are eliminated. The block diagram of GA is 

illustrated using the Figure-4.   

 

 
 

Figure-4. Flow chart of genetic algorithm. 

 

ANFIS delivers an efficient performance in 

system identification and delivers good prediction and 

control performance too. The performance of the ANFIS 

system can be improved through training and GA 

enhanced training is one of the most preferred and suitable 

method. GA enhanced training is more suitable because in 

the case of ANFIS the training has to imparted to both the 

antecedent part and conclusion part of the parameters. The 

Gaussian membership function is as depicted in the 

equation (16) 

 𝜇𝐴𝐼(𝑋) = 11+[(𝑋−𝐶𝑖𝑎𝑖  )2]𝑏𝑖                                                     (16) 

 

Where {ai, bi,ci} are the parameters of MFS 

which are affected in shape of MFs. ai is the variance of 

the membership function, ci  the center of membership 

function and bi is usually equal to 1.In the antecedent part 

there are 3 set of trainable parameters which has N genes. 

N is the number of Membership Functions. The 

optimization algorithm also trains the conclusion part 

which has (I +1) ×R genes, where R denotes the number of 

rules and I denotes the number of dimensions of data 

inputs. The fitness is defined as Root Mean Square Error 

(RMSE). Parameters are initialized randomly in first step 

and then are being updated using GA algorithm. In each 

iteration, one of the parameters set are being updated. i.e. 

in first iteration for example ai are updated then in second 

iteration bi are updated and then after updating all 

parameters again the first parameter update is considered. 

In order to test the performance of the proposed approach 

a test Simulink system is constructed. The system has a 

PID controller which is tuned by the ANFIS and GA-

ANFIS approaches. The Simulink model of the proposed 

GA-Fuzzy controller is given in Figure-5. 
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Figure-5. Simulink model of the GA-ANFIS controller setup. 

 

 
                                                  (a)                                                                                          (b) 
 

Figure-6. (a) Distribution of mean error – ANFIS, (b) Distribution of mean error-GA-ANFIS. 

 

The distribution of mean error for the both the 

methods are illustrated with the help of Figure 6 (a) & (b). 

During training ANFIS produced a mean error of -3.8201 

with a standard deviation of 25.34 while GA-ANFIS 

produced a mean error of 4.6434 and a standard deviation 

of 23.0026. 

 

 
 

Figure-7. Controller response for ANFIS PID controller 

and GA-ANFIS PID controller of BLDC motor. 

 

It can be clearly observed from the Figure-7, that 

the settling time and the peak overshoot of the GA-ANFIS 

tuned PID is much lesser when compared to the settling 

time and the overshoot experienced by the ANFIS tuned 

PID controller for the proposed BLDC motor. 

 

4. MARC GA-ANFIS PID CONTROLLER 
The MIT rule [14] has been employed here and 

rule a cost function is defined as; 

 𝐽(𝜃) = 
12 𝑒2                                                                      (17) 

 

To make J small, it is reasonable to change the 

parameters in the direction of the negative gradient of J, 

that is, 

 𝑑𝜃𝑑𝑡  = -𝛾 𝜕𝐽𝜕𝜃 = -𝛾𝑒 𝜕𝑒𝜕𝜃                                                        (18) 

 

 
 

Figure-8. Block diagram of the proposed system. 
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Where; 

 𝛾 : Adaptation gain.  

e : The error between the output speed of the 

BLDC motor and the model reference output.  𝜃 : The controller parameter.  

 

It assumed that the process is described by the 

single-input, single-output (SISO) system as shown in 

Figure-8 [14]. 

 

 
 

Figure-9. A general linear controller with two degrees 

of freedom. 

 

 
 

Figure-10. The proposed MARC controller setup. 

 𝐴. 𝑦(𝑡) = 𝐵(𝑢(𝑡) + 𝑣 (𝑡))                                            (19) 

 

Where: 

A&B are polynomials depend on the BLDC motor.  𝑢(t):  The output of controller.  𝑦 (𝑡):  The output speed of BLDC motor.  𝑣 (𝑡):  The process disturbance.  

The controller is described in (20) 

 𝑅𝑢(𝑡) = 𝑇𝑢𝑐 (𝑡) - 𝑆𝑦(𝑡)                                               (20) 

 

Where:  

R, T and S are controller polynomials.  𝒖𝒄(𝒕): The desired speed of BLDC motor.  

 

Substituting (11) into (10) will result (12) 

𝑦(𝑡) =  𝐵𝑇𝐴𝑅+𝐵𝑆  𝑢𝑐 (𝑡)  +  𝐵𝑅𝐴𝑅+𝐵𝑆 𝑣 (𝑡)                            (21) 

 

Assume the model reference is described by the single-

input, single-output (SISO) system 

 𝐴𝑚(𝑡)𝑦𝑚(𝑡) =  𝐵𝑚𝑢𝑐(𝑡) =>  𝑦𝑚(𝑡) =  𝐵𝑚𝐴𝑚 𝑢𝑐(𝑡)       (22) 

 

Where:  𝐴𝑚 𝑎𝑛𝑑 𝐵𝑚  are polynomials depend on the reference 

model.  𝒚𝒎(𝒕): The output of model reference.  

Assuming, (V(𝑡) =0) the following condition 

must hold: 

 𝑦(𝑡) =  𝑦𝑚(𝑡)  =>   𝐵𝑇𝐴𝑅+𝐵𝑆  =  𝐵𝑚𝐴𝑚                                 (23) 

 𝑦𝑚𝑢𝑐  =
𝑏𝑚𝑎𝑚1 𝑃2+ 𝑎𝑚2 𝑃+ 𝑎𝑚3                                                    (24) 

 

Where:  𝑃= 
𝑑𝑑𝑡 . 𝑎𝑚1 , 𝑎𝑚2 , 𝑎𝑚3 , 𝑏𝑚: The model reference transfer function 

coefficient.  

 

Assume the transfer function of the BLDC motor is  

 𝑦𝑢 =  𝑏𝑎1 𝑃2+ 𝑎2 𝑃+ 𝑎3          (25) 

 

Where 𝑎1 , 𝑎2, 𝑎3BLDC motor transfer function 

coefficient. 

 

The Diophantine equation is 𝐴𝑅+𝐵𝑆=  𝑨𝟎𝑨𝒎               (26) 

 

Where: 

 A =  a1 P2 +  a2 P +  a3 , Am = am1 P2 +  am2 P + am3  
 

And 𝑨𝟎 is a gain. 

 

R and S: controller polynomials. 

 deg(S) = deg(A) −  1 = 2 − 1 = 1 

 

Where deg is the polynomial degree. 

 𝑆 =  𝑠0 +  𝑃𝑠1                                                                (27) 

 𝑑𝑒𝑔(𝑅) = 𝑑𝑒𝑔(𝑆) => 𝑅 =  𝑟0 + 𝑟1P                           (28) 

 𝑑𝑒𝑔(𝐴0) = 𝑑𝑒𝑔(𝐴) + 𝑑𝑒𝑔(𝑅) - 𝑑𝑒𝑔(𝐴𝑚) = 2 + 1 – 2 = 1 𝐴0 = 𝑃                                                                           (29) 

 

Similarly T = P                                                            ((30) 

Substituting equations (27, 28, 29 and 21) into 

equation (20) will result (31) 

 (𝑟0  +  𝑟1P )u = P𝑢𝑐 -(𝑠1𝑃 + 𝑠0)𝑦                                (31) 
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𝑢 =  𝑃𝑅(𝑃) 𝑢𝑐 - 
𝑆(𝑃)𝑅(𝑃) 𝑦                                                       (32) 

 

From equation (10) and assume 𝑣(𝑡) =0 

 

(𝑎1 𝑃2 + 𝑎2 𝑃 + 𝑎3 ) = 𝑏𝑢                                            (33) 

 

Substituting (32) into (33) will result (34) 

 (𝑎1 𝑃2 + 𝑎2 𝑃 +  𝑎3 )y = b (𝑇(𝑃)𝑅(𝑃) 𝑢𝑐  −  𝑆(𝑃)𝑅(𝑃)  y )         (34) 

=>  ((𝑎1 𝑃2 +  𝑎2 𝑃 + 𝑎3 ) +  b 𝑆(𝑃)𝑅(𝑃) ) 𝑦 = 𝑏 𝑇(𝑃)𝑅(𝑃) 𝑢𝑐 

Modifying (34) to become (35) 

 𝑦 =  𝑏𝑇(𝑃)(𝑎1 𝑃2+ 𝑎2 𝑃+ 𝑎3 )𝑅(𝑃)+ 𝑏𝑆(𝑃) 𝑢𝑐                                  (35) 

 𝑒 = 𝑦 −  𝑦𝑚                                                                   (36) 

 

Substituting equation (24, 35) into (36) will result 

(37) 

 e = ( bT(P)(a1 P2+ a2 P+ a3 )R(P)+ bS(P) − bmam1 P2+ am2 P+ am3  ) uc       (37) 

 𝜕𝑒𝜕𝑇 =  𝑏(𝑎1 𝑃2+ 𝑎2 𝑃+ 𝑎3 )𝑅(𝑃)+ 𝑏𝑆(𝑃) 𝑢𝑐                                  (38) 

 𝜕𝑒𝜕𝑆 =  −𝑏2𝑇(𝑃)((𝑎1 𝑃2+ 𝑎2 𝑃+ 𝑎3 )𝑅(𝑃)+ 𝑏𝑆(𝑃))2 𝑢𝑐                             (39) 

 

From equation (15) 

 𝜕𝑇𝜕𝑡 = − 𝛾𝑒 𝑏(𝑎1 𝑃2+ 𝑎2 𝑃+ 𝑎3 )𝑅(𝑃)+ 𝑏𝑆(𝑃) 𝑢𝑐                        (40) 

 𝜕𝑇𝜕𝑡 =  − 𝛾′𝑒 1(𝑎1 𝑃2+ 𝑎2 𝑃+ 𝑎3 )𝑅(𝑃)+ 𝑏𝑆(𝑃) 𝑢𝑐                      (41) 

 

Where 𝛾′ = 𝑏𝛾  

 

Similarly 
𝜕𝑇𝜕𝑡 = − 𝛾′𝑒 

1𝑎𝑚1 𝑃2+ 𝑎𝑚2 𝑃+ 𝑎𝑚3  y                    (42) 

 𝐵𝑚𝐴𝑚 = 
𝜔𝑛2𝑃2+ 2 𝜉 𝜔𝑛 𝑃+ 𝜔𝑛2                                                         (43) 

Where: 𝜉(𝑑𝑎𝑚𝑝𝑖𝑛𝑔 𝑟𝑎𝑡𝑖𝑜) =  1.𝜔𝑛 (𝑛𝑎𝑡𝑢𝑟𝑎𝑙 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦) = 500. (𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 𝑏𝑦 𝑑𝑒𝑠𝑖𝑔𝑛𝑒𝑟) 

 

5. RESULTS AND DISCUSSIONS 

In order to validate the performance of the 

proposed controller setup is subjected to different test 

cases, like sudden change in load and sudden change in 

speed. The results of which are presented here. 

 
 

Figure-11. Plot of open loop speed response at sudden 

change in load. 

 

The Figure-11 illustrates the open loop response 

of the designed BLDC model. In order to validate the 

model a sudden load change is applied at 0.1 seconds.  

Initially the motor is run at no load and the speed curve 

points to the no load operation. Then at t=0.1 second a 

load equivalent to the 50 % of the rated load is applied. It 

can be observed that there is a sudden drop in speed at that 

instant and  the motor settles at lesser speed from t =0.14 

seconds. 

 

 
 

Figure-12. Speed response of the proposed controller for 

different adaptation rate gain. 

 

The Figure-12 illustrates the speed response of 

the controller for different adaptation rate gain, the speed 

regulation characteristics are studied with the sudden 

change in load. The load torque is varied to 50 % of the 

rated value at t=0.25 second. This is after initial settling 

time for the controller. This graph demonstrates the 

suitability of higher adaptation rate on the performance of 

the controller. It can be observed from the figure that 

higher adaptation gain reduces the rise time. It can also be 
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inferred that it also reduces the overshoot and steady state 

error. 

 

 
 

Figure-13. Comparison of controller output between the 

proposed and conventional self tuning PID control. 

 

It can be inferred from the figure that proposed 

controller has better performance at sudden speed change 

when compared to the conventional controller. The rise 

time is less in the case of sudden change in load and hence 

the controller can act suitably fast to regulate the speed. 

This is of paramount importance as the proposed 

controller has the ability to recover the lost speed at a 

much faster rate. The controller output for the proposed 

controller and the conventional controller is illustrated in 

the above Figure-13. 

In order to further evaluate the response of the 

proposed controller configuration it has been evaluated 

changing motor parameters like inertia and phase 

resistance individually and simultaneously. The inertia is 

increased by 15% while the phase resistance is decreased 

by 15%. When simultaneous testing is made, both are 

increased by 50 %. 

Figures (14) and Figure (15) illustrates and 

compares the performance of the proposed controller and 

conventional self tuning PID control when there is a 

sudden change in inertia. While Figure-14 depicts the 

speed response, Figure-15 presents the controller output. It 

can be observed from the figure that the proposed 

controller delivers a better response in comparison. 

 

 
 

Figure-14. Speed control response with sudden change 

in inertia. 

 

 
 

Figure-15. Controller output with sudden change 

in rotor inertia. 

 

Figure-16 depicts the controller output for sudden 

change in phase resistance; it can be observed from the 

figure that controller output varies rapidly with the change 

in inertia. The rise time is sudden and can help in 

enhancing the speed of response of the controller in 

maintain the constant speed. 

 

 
 

Figure-16. Controller output of the proposed controller for 

sudden change in phase resistance. 
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The speed response of the proposed controller as 

compared with conventional self tuning controller is 

depicted using Figure-17. The comparison is made for 

50% change in phase resistance and inertia from the initial 

conditions. It can be observed from the figure there is no 

overshoot in the case of the proposed controller, where as 

in the case of conventional PID there is a significant 

overshoot from the reference value. 

 

 
 

Figure-17. Speed control response for 50 % change in 

phase resistance and 50 % change in inertia. 

 

In this case the motor speed is oscillated around 

the reference speed and the maximum speed deviation is 

observed. It can be observed from the figure 18 that speed 

response is regulated efficiently with very little deviation 

in the maximum speed. This demonstrates the ability of 

the controller is suitably accommodating the load speed 

variations at the reference speed. 

 

 
 

Figure-18. Speed control response of the proposed 

controller for sinusoidal load change. 

 

 
 

Figure-19. Speed tracking response of the proposed 

controller. 

 

The Figure-19 illustrates the speed tracking 

response of the proposed controller. It shows the ability of 

the controller to track the changes in the set point. The 

reference speed is varied as step response and it can be 

observed from the figure that the controller is able to track 

the speed change without much of variation. This is 

observable across different speeds. 

 

6. CONCLUSIONS 

A Model Reference Adaptive Control 

compensated with a GA- ANFIS tuned PID controller has 

been designed and presented. The results of tuning of the 

PID controller using GA-ANFIS depict an improved 

performance in terms of reduced overshoots and settling 

time. The GA-Fuzzy controller has been used to control 

the modeled BLDC using a PID controller implemented 

using Simulink. The open loop speed response at sudden 

change in load and the settling time has been studied. 

Similarly the speed response of the controller for different 

adaptation rate gain has also been studied successfully. 

The proposed controller has also delivered better 

performance for sudden speed change, inertia change and 

phase resistance change when compared to the 

conventional controller. The controller also proved its 

mettle in tracking sinusoidal change in the reference 

speed. In total the proposed controller has delivered a 

performance that is superior to the conventional self tuned 

PID controller. 
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