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Performance Analysis of Speed Control of Induction
Motor Using Various Ai Techniques

Abstract—This paper explores the advanced control of induction motors using artificial intelligence (Al)
techniques, focusing on speed regulation through fuzzy logic controller (FLC) and artificial neural network (ANN)
methodologies. Utilizing MATLAB Simulink for modeling and simulation, the study meticulously defines induction
motor parameters such as nominal power, frequency, voltage, resistances, inductances, inertia, friction factor,
and pole pair, to create a comprehensive simulation environment. The primary objective is to evaluate and
compare the efficacy of FLC and ANN in controlling the motor speed. The performance of these Al-based control
strategies is assessed by setting a reference speed of 1500 RPM and analyzing the rotor speed variations against
this benchmark. The simulation results indicate that the ANN approach outperforms the FLC in terms of speed
control, demonstrated by minimal settling time and negligible steady-state error. Specifically, ANN achieved a
peak overshoot of 0.505%, a steady-state error of 0%, and a settling time of 0.93 seconds, whereas FLC resulted
in a peak overshoot of 1.991%, a steady-state error of 0%, and a settling time of 1.8 seconds. This research
significantly contributes to the field of electrical engineering by offering insights into the application of Al
techniques for enhancing induction motor control systems. It underscores the potential of ANN in achieving
superior speed regulation, thereby aiding in the development of more efficient and reliable industrial motor
control systems. The findings facilitate informed decision-making regarding the implementation of advanced Al-
based control strategies in various industrial applications.
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I INTRODUCTION

The efficient control of induction motors is essential in various industrial and commercial applications,
ranging from manufacturing processes to transportation systems. The ability to regulate motor speed accurately and
reliably is crucial for ensuring optimal performance, energy efficiency, and operational safety. Traditional methods
of motor control, such as voltage-frequency (V/f) control, have long been employed due to their simplicity and
cost-effectiveness. However, advancements in artificial intelligence (Al) have paved the way for more sophisticated
control techniques that offer enhanced precision and flexibility. [1-5]

Induction motors are widely used in industrial and commercial applications due to their robustness,
reliability, and cost-effectiveness. However, precise control of their speed and performance is crucial to enhance
efficiency and adapt to varying operational demands. Traditional control methods, such as voltage control,
frequency control, and pole changing, have been employed to regulate induction motor speed. While effective to
some extent, these methods often fall short in handling complex and nonlinear dynamics, leading to suboptimal
performance and energy inefficiencies. [6-10]

In recent years, artificial intelligence (Al) techniques have emerged as promising solutions for advanced
motor control. Al-based controllers, artificial neural networks (ANNS), fuzzy logic controllers, and genetic
algorithms (GAs), offer superior adaptability, precision, and efficiency in controlling induction motor speed. Fuzzy
logic controllers leverage human-like reasoning to handle uncertainties and nonlinearities without the need for
precise mathematical models. ANNSs, inspired by the human brain, learn from data to model complex relationships
and adapt to changing conditions, providing accurate speed control even in the presence of disturbances. Genetic
algorithms, which mimic natural evolutionary processes, optimize control parameters through iterative refinement,
ensuring optimal motor performance.

The integration of these Al techniques into motor control systems represents a significant advancement
over traditional methods. They enable more responsive and adaptive control, leading to improved efficiency,
reduced energy consumption, and enhanced operational reliability. This research focuses on the performance
analysis and speed control of induction motors using various Al techniques, aiming to identify the most effective
approaches for modern industrial applications. By leveraging the strengths of Al, this study seeks to contribute to
the development of more intelligent and efficient motor control systems, addressing the growing demands for high
performance and energy-efficient solutions in the industry. [6-10]
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Il. Al TECHNIQUES FOR SPEED CONTROL OF INDUCTION MOTOR

The emergence of artificial intelligence (Al) techniques has revolutionized the field of motor control,
offering opportunities for enhanced performance and adaptability. Fuzzy logic control (FLC) and artificial neural
networks (ANN) are two prominent Al-based approaches used in motor control applications. FLC utilizes
linguistic variables and fuzzy rules to approximate human-like decision-making, making it suitable for systems
with complex or uncertain dynamics. ANN, on the other hand, employs interconnected nodes to perform nonlinear
mapping between input and output variables, enabling adaptive learning and improved control performance.

Speed control of induction motors using advanced control techniques like fuzzy logic controllers (FLCs)
and artificial neural networks (ANNS) represents a significant leap forward in precision and adaptability. These
techniques excel in handling the complexities and nonlinearities inherent in motor control systems.

Fuzzy logic controllers operate on the principles of fuzzy set theory, which mimics human reasoning and
decision-making processes. Unlike traditional control methods that require precise mathematical models, FLCs
work well with systems that are too complex or ill-defined. They use linguistic variables and a set of rules to
handle imprecise inputs, making them highly adaptable to changes in system dynamics. This makes FLCs
particularly effective in applications where motor behavior can be unpredictable or where precise modeling is
difficult.

The architecture of the human brain served as the model for artificial neural networks, learn from data to
model and control the motor's speed. ANNs consist of interconnected neurons that process inputs and adjust to
improve performance through training. They excel at identifying patterns and relationships in complex data,
allowing for accurate speed predictions and adjustments even in the presence of disturbances and nonlinearities.
ANNSs can adapt to changing conditions and improve over time, offering a level of flexibility and performance
that traditional methods cannot match.

Both FLCs and ANNs provide robust solutions for induction motor speed control. FLCs offer
adaptability and robustness without needing precise models, while ANNs bring the power of learning and
adaptability to handle complex control tasks. These advanced techniques enable more efficient and precise control
of motor speeds, meeting the increasing demands for performance and reliability in modern industrial applications.
[11-15]

[1] Fuzzy logic controller (FLC)

FLC has gained popularity in motor control due to its ability to handle nonlinearities and uncertainties
inherent in induction motor systems. By encoding expert knowledge into fuzzy rules and membership functions,
FLC can effectively regulate motor speed and torque under varying operating conditions. However, the design
and tuning of fuzzy logic systems may require extensive expertise and manual intervention, limiting their
scalability and applicability in certain scenarios.

Controlling the speed of an induction motor using a fuzzy logic controller (FLC) is a highly effective
approach, especially in situations where traditional control methods fall short. Fuzzy logic controllers leverage
the principles of fuzzy set theory to handle the uncertainties and nonlinearities typical in motor control systems.

One of the main advantages of using an FLC is its ability to mimic human reasoning. Instead of relying
on precise mathematical models, FLCs utilize a set of linguistic rules and membership functions to interpret and
respond to varying inputs. This makes them particularly useful in applications where the motor's behavior is too
complex to be captured accurately by conventional models. The controller adjusts the motor speed based on fuzzy
logic, which allows for smooth and adaptive control even in the presence of system uncertainties.

The design of an FLC involves defining a set of rules that describe how to control the motor speed under
different conditions. These rules are based on expert knowledge or empirical data and can be easily modified to
improve performance. For instance, if the motor is running too fast, the FLC can adjust the input voltage or
frequency to bring the speed back to the desired level. The fuzzy logic figure is shown in figure 1. [16-20]
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Figure 1: Block diagram fuzzy logic controller with DC motor
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[2] Artificial neural network

ANNSs offer a data-driven approach to motor control, leveraging their ability to learn complex mappings
from input-output data. Through training algorithms such as backpropagation, ANNs can adaptively adjust their
parameters to improve control performance over time. ANN-based controllers have demonstrated promising
results in achieving precise speed regulation and torque control, particularly in applications with nonlinear or
time-varying dynamics. However, the computational complexity and training requirements of ANNs may pose
challenges in real-time implementation and deployment.

The basic building block of an artificial neural network (ANN) is a neuron, which is a simple function
that helps to replicate the structure and operations of neural networks. ANNs are computer models that aim to
provide simple approximations to certain areas of real brains. As seen in Fig., a model is composed of three groups
of principles: activation, summation, and multiplication. ANN is made up of parts that are linked together to carry
out a particular function. Every input in an ANN is multiplied by its weight at startup. A summation function
gathers all of the weighted inputs and bias in the second step. In the end, the transfer function is exceeded by all
weighted inputs and bias. Neuronal output is obtained by transforming the activation level using the activation
function. Be aware that every input could be an external source or the result of another neuron.

An innovative method that makes use of machine learning to produce accurate and adaptive motor
performance is the use of an artificial neural network (ANN) controller for induction motor speed regulation.
ANNSs are inspired by the human brain's structure and function, consisting of interconnected neurons that process
inputs and learn from data. This learning capability makes ANNs particularly effective in handling complex and
nonlinear control tasks.

One of the key advantages of using an ANN for motor speed control is its ability to learn and adapt.
During the training phase, the ANN is exposed to various operational scenarios and learns to recognize patterns
and relationships between input variables (such as voltage and load) and the desired motor speed. Once trained,
the ANN can predict and adjust the motor speed accurately, even in the presence of disturbances or changes in
operating conditions.

The adaptability of ANNs allows them to provide high performance under a wide range of conditions.
Unlike traditional control methods, which may require extensive tuning and precise modeling, ANNs can handle
variations in motor parameters and external influences dynamically. This makes them particularly useful in
industrial applications where conditions can change rapidly and unpredictably. The Multilayer perceptron feed
forward construction figure is shown in figure 2. [21-25]
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Figurer 2: Multilayer perceptron feed forward construction

I1. METHODOLOGY
The study evaluates three speed control methods for Induction motors:
1. Without Controller
In this case the DC Motor operates without any controller, and we noticed the system response. The parameters
values shown in table 1 and Induction motor without controller Simulink figure is shown in figure 3.

Table 1: Parameters value without controller

Peak overshoot (%) 0
Steady state error (%) 3.2
Settling time (sec) 0.26
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Figure 3: Induction motor without controller Simulink model

2. With Controller
a) With Fuzzy Logic Controller (FLC)
The FLC utilizes linguistic rules to adjust the power supplied to the motor based on input variables such as error
and change in error. The controller parameters are defined based on expert knowledge and system dynamics.
I The per implement a fuzzy logic controller with inputs as error and change in error.
I. Utilize 7 Gaussian membership functions for each input and 7 triangular functions for the output.
I Set the range for input membership functions to (-1, 1) and output range to (0, 5).
V. Establish 49 rules based on IF-THEN mechanism for the fuzzy logic controller.
Achieve the system response with parameter values when using fuzzy shown in table 2 and block diagram fuzzy
logic controller with Induction motor is shown in figure 4.

Table 2: Parameters value with Fuzzy logic controller

Peak overshoot (%) 1.991
Steady state error (%) 0
Settling time (sec) 1.8

Performance of each method is assessed through simulation and experimentation. In this Fuzzy system
there are four main blocks are integrated, Fuzzification module converted crisp value (e.g. 1500 RPM) into Fuzzy
value (e.g. High or low speed). The Rule base define how to adjust the power supplied to dc motor based on fuzzy
input. The rule might consider factor like current speed, desired speed and rate of change of speed suppose if
actual motor speed is low and desired speed is high then rule based system increase power. Interference engine.
The interference engine facilitates the adjustment of the power supplied to the Induction Motor based on the
interpreted rules. Defuzzification provide clear decision (crisp value).it convert the fuzzy output (adjusted power
level) into actionable command for precise speed control. [26-43]

a»

Fuzzy Logic
Controller 1
Figure 4: block diagram fuzzy logic controller with Induction motor

Error

Derivative

Steps for designing fuzzy logic rules
Step 1: Decide input and output
Input 1: Error (E)
Input 2: Change in Error (CE)
Output: Voltage (Speed)
Step 2. Assigned Fuzziness to Input & Output
Input 1: Error (E) [NB, NM, NS, ZE, PS, PM, PB]
Input 2: Change in Error (CE) [NB, NM, NS, ZE, PS, PM, PB]
Output 1: speed (Voltage) [NB, NM, NS, ZE, PS, PM, PB]
Step 3. Decides Rules 49 rules are decided that are shown in table 2.
Step 4. Set Crisp value for Input & Output.

In this case for both Input the range is (-1 to 1) and for Output (0 to 5), this value of range is selected because it
gives better result as compared to other values. It is essential to check the result by taking different values of input
and output. But in my case this value is best suitable.
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The Input membership function plot is shown in figure 5 and the Output membership function plot is shown in
figure 6. The Fuzzy rules are shown in table 3 and induction motor parameters are shown in table 4. The Simulink
diagram fuzzy logic controller with Induction motor is shown in figure 7.

Table 3: Fuzzy Logic rules

E[CE] NB NM NS ZE PS PM PB
NB NB NB NB NB NM NS ZE
NM NB NB NB NM NS ZE PS
NS NB NB NM NS ZE PS PM
ZE NB NM NS ZE PS PM PB
PS NM NS ZE PS PM PB PB
PM NS ZE PS PM PB PB PB
PB ZE PS PM PB PB PB PB
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Table 4: Specification of the Induction motor

Nominal power(P) 3730 watts
frequency(f) 50 hz

Voltage (V) 460 volts

Stator resistance (RS) 1.115 ohm

Stator inductance (Ls) 0.005974 Henery
Rotor resistance (Rr) 1.083 ohms
Rotor inductance (Lr) 0.005974 Henery
Mutual inductance (Lm) 0.2037 Henery
Inertia(J) 0.02 Kg.m2
Friction factor (F) 0.005974 N.m.s
Pole pair(p) 2
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Figure 7: Simulink diagram fuzzy logic controller with Induction motor

b) With Artificial neural network

The simulation models are augmented with control strategies, including voltage-frequency (\V/f) control,
fuzzy logic controller (FLC), and artificial neural network (ANN) techniques. V/f control is implemented to
maintain a constant ratio of voltage to frequency supplied to the motor, serving as a baseline control strategy. FLC
and ANN techniques are integrated into the simulation models to explore the potential benefits of Al-based control
approaches in improving speed regulation and torque control.

In contrast, the artificial neural network (ANN)-based control strategy exhibits superior performance in
speed regulation compared to FLC. The ANN adapts dynamically to changes in motor dynamics and load
conditions, resulting in shorter settling time and reduced peak overshoot. By leveraging the learning capabilities
of neural networks, the ANN optimizes its control parameters through training algorithms such as
backpropagation, thereby enhancing its accuracy and robustness. However, the computational complexity and
training requirements of ANN-based controllers may pose challenges in real-time implementation and
deployment. The Simulink representation of induction motor with ANN is shown in figure 8.
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Figure 8: Simulink representation of induction motor with ANN

V. Results and Discussions
As we can see with implementation of Artificial intelligence techniques, we obtained the desired
condition but ANN gives best result as compare to Fuzzy logic controller in terms of settling time. Comparative
analysis between FLC and ANN highlighted the trade-offs between simplicity and complexity, interpretability
and adaptability. While FLC offers transparency and ease of implementation, ANN excels in handling complex
nonlinear mappings and adaptive learning.

Peak overshoot indicates how much the motor speed exceeds the desired setpoint during transient states.
For the induction motor without any controller, the peak overshoot is 0%. This initially suggests stability but is
misleading as it fails to address the underlying inefficiencies reflected in other parameters.

The test results are shown in table 5 and Induction motor without any controller result figure shown in
figure 10 and Induction motor with ANN controller result shown in figure 11.

Table 5: Results

Parameter IM without any IM with Fuzzy IM with ANN
controller

Peak overshoot 0 1.991 0.505

(%)

Steady state error | 3.2 0 0

(%)

Settling time (sec) | 0.26 1.8 0.93
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Figure 9: Induction motor without any controller result
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Figure 10: Induction motor with fuzzy controller result
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Figure 11: Induction motor with ANN controller result

As we can see with implementation of Artificial intelligence techniques, we obtained the desired
condition but ANN gives best result as compare to Fuzzy logic controller in terms of settling time. Comparative
analysis between FLC and ANN highlighted the trade-offs between simplicity and complexity, interpretability
and adaptability. While FLC offers transparency and ease of implementation, ANN excels in handling complex
nonlinear mappings and adaptive learning.

V. Conclusion
1. Peak Overshoot
a) The fuzzy logic controller (FLC) results in a peak overshoot of 1.991%. This trade-off allows for finer
control of the motor's dynamics, leading to better performance in steady-state and error reduction. The slight
overshoot signifies a quick response with minor excess before stabilization.

b) The artificial neural network (ANN) controller shows a significantly lower peak overshoot of 0.505%.
This indicates the ANN's superior ability to handle transient states and adapt quickly to changes without
substantial deviation from the setpoint, effectively mitigating the initial surge in motor speed.

2. Steady-State Error

a) Without any controller, the induction motor has a steady-state error of 3.2%, reflecting a considerable
deviation from the desired speed and underscoring the system's inadequacy in maintaining target speed
autonomously.
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b) Both the FLC and ANN completely eliminate the steady-state error, achieving a 0% error rate. This
highlights the high precision and reliability of these Al techniques in maintaining the desired motor speed,
ensuring exact operation at the set speed.

3. Settling Time
a) The induction motor without a controller has a settling time of 0.26 seconds. However, this seemingly
short time is deceptive due to the significant steady-state error.

b) The FLC increases the settling time to 1.8 seconds. Although longer, this time reflects the controller's
effort to minimize steady-state error and accurately manage transient responses, prioritizing stability and precision
over quick stabilization.

c) The ANN controller achieves a settling time of 0.93 seconds, which, while longer than the uncontrolled
motor, is considerably shorter than the FLC. This balance indicates that the ANN provides a more rapid response
than the FLC while still maintaining accuracy and eliminating steady-state error.

The performance analysis highlights the significant advantages of using Al techniques for induction motor speed
control. Both fuzzy logic controllers and artificial neural networks outperform traditional control methods by
effectively managing nonlinearities and dynamic changes, thereby enhancing motor performance.

The fuzzy logic controller, with its zero steady-state error and comprehensive handling of dynamic changes, is
best suited for scenarios demanding high precision and stability. On the other hand, the artificial neural network
controller offers a well-rounded performance with minimal peak overshoot and quick stabilization, making it ideal
for applications requiring both rapid response and accuracy.
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