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Abstract: This paper presents a comprehensive review and analysis of artificial intelligence (Al) based
control techniques for Brushless DC (BLDC) motors. We investigate the application of machine learning
algorithms, neural networks, and fuzzy logic systems to enhance the performance, efficiency, and reliability
of BLDC motor control systems. Experimental results demonstrate that Al-based controllers can achieve
superior performance compared to conventional control methods, particularly in handling non-linearities,
parameter variations, and disturbance rejection. The proposed hybrid approach combining model
predictive control with reinforcement learning shows a 15% improvement in energy efficiency and a 22%
reduction in torque ripple compared to traditional PI controllers.
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I. INTRODUCTION
Brushless DC (BLDC) motors have gained significant popularity in various applications ranging from consumer
electronics to industrial automation, electric vehicles, and aerospace systems due to their high efficiency, reliability, and
power density compared to conventional DC motors [1]. The control of BLDC motors, however, presents unique
challenges due to their nonlinear characteristics, parameter variations, and the requirement for precise commutation
timing [2].
Conventional control techniques such as Proportional-Integral-Derivative (PID) controllers have been widely used for
BLDC motor control. However, these methods often fail to provide optimal performance under varying operating
conditions and in the presence of disturbances [3]. With the advent of artificial intelligence and computational
capabilities, Al-based control strategies have emerged as promising alternatives to conventional methods, offering
adaptive and robust control for BLDC motors [4].
This paper explores the application of various Al techniques in BLDC motor control, including neural networks, fuzzy
logic systems, genetic algorithms, and reinforcement learning. We also propose a novel hybrid approach that combines
model predictive control with reinforcement learning to optimize the control performance while maintaining
computational efficiency.

I1. AI-BASED CONTROL TECHNIQUES FOR BLDC MOTORS
2.1 Neural Network-Based Control
Neural networks have been widely applied in BLDC motor control due to their ability to learn complex nonlinear
relationships between inputs and outputs. Figure 1 shows a typical structure of a neural network-based BLDC motor
control system.
The neural network controller can be trained offline using data collected from the motor operation or online using
adaptive learning algorithms. The controller takes the error between the reference and actual speed/position as input and
generates the appropriate control signals for the motor drives.
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Figure 1: Architecture of a Neural Network-Based BLDC Motor Control System
Neural network-based controllers have shown superior performance in handling parameter variations and disturbances
compared to conventional PID controllers [5]. However, they often require significant computational resources and may
suffer from overfitting if not properly designed.

2.2 Fuzzy Logic Control
Fuzzy logic controllers (FLCs) have been successfully applied to BLDC motor control due to their ability to handle
imprecise information and incorporate expert knowledge. Figure 2 illustrates a fuzzy logic-based BLDC motor control

system.
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Figure 2: Fuzzy Logic-Based BLDC Motor Control System
The fuzzy logic controller consists of three main components:

Fuzzification: Converts crisp inputs into fuzzy sets

Rule Base and Inference Engine: Processes fuzzy inputs based on predefined rules
Defuzzification: Converts fuzzy outputs back to crisp values
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Fuzzy logic controllers have demonstrated good performance in BLDC motor control, particularly in handling
nonlinearities and uncertainties [6]. However, they rely heavily on expert knowledge for rule design and may require
extensive tuning.

2.3 Genetic Algorithm-Based Control
Genetic algorithms (GAs) have been used to optimize the parameters of BLDC motor controllers. GAs are evolutionary
algorithms inspired by natural selection that can search complex solution spaces efficiently.
In BLDC motor control, GAs can be used to:
e  Optimize controller parameters (e.g., PID gains)
e  Generate optimal current profiles for torque ripple minimization
e Develop optimal commutation strategies
e GA-based controllers have shown good performance in optimizing BLDC motor control parameters [7].
However, they typically require offline optimization and may not adapt well to changing operating conditions.

2.4 Reinforcement Learning-Based Control

Reinforcement learning (RL) has emerged as a promising approach for BLDC motor control, allowing the controller to
learn optimal policies through interaction with the environment. Figure 3 shows a reinforcement learning-based BLDC
motor control system.
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Figure 3: Reinforcement Learning-Based BLDC Motor Control System

In RL-based control, the agent (controller) interacts with the environment (BLDC motor) by taking actions (control
signals) and receiving rewards based on the performance. The goal is to learn a policy that maximizes the cumulative
reward.
The RL problem can be formulated as a Markov Decision Process (MDP) with the following components:

e  State space: S (e.g., motor speed, position, current)

e Action space: A (e.g., voltage/current commands)

e Reward function: R(s, a, s') (e.g., negative of absolute error)

e Transition probability: P(s's, a)

e Discount factor: gamma \in [0, 1]
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RL-based controllers have demonstrated superior performance in handling complex control tasks and adapting to
changing operating conditions [8]. However, they may require extensive training data and careful reward function
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design.

I11. Proposed Hybrid Approach: Model Predictive Control with Reinforcement Learning
We propose a novel hybrid approach that combines Model Predictive Control (MPC) with Reinforcement Learning
(RL) to leverage the strengths of both methods. Figure 4 illustrates the proposed hybrid control architecture.
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Figure 4: Proposed Hybrid MPC-RL BLDC Motor Control System
The hybrid controller consists of two main components:
Model Predictive Controller: Uses a mathematical model of the BLDC motor to predict future states and optimize
control actions over a finite horizon
Reinforcement Learning Agent: Learns to adjust the MPC parameters based on the observed performance
The proposed hybrid approach offers several advantages:
Improved performance under varying operating conditions
Reduced computational burden compared to pure RL-based approaches
Enhanced adaptability to parameter variations and disturbances
Better handling of constraints compared to pure learning-based approaches

IV. EXPERIMENTAL RESULTS

We evaluated the performance of the proposed hybrid MPC-RL controller against conventional PI control, neural
network control, and fuzzy logic control on a BLDC motor test bench. The test bench consisted of a 1 kW BLDC motor
with a 48V DC supply, a dynamometer for load control, and a dSPACE real-time control system.
The controllers were tested under various operating conditions, including:

e  Speed tracking with step changes

e Load disturbance rejection

e  Parameter variation (e.g., resistance, inertia)

Controller Rise Time || Settling Time || Overshoot Steady-State Energy Torque
(ms) (ms) (%) Error (%) Efficiency (%) || Ripple (%)
| PI | 425 || 1253 ][ 92 | 1.8 | 85.3 I 152 |

| Newal | 312 | 887 || 56 | 0.9 | 92.7 | 108 |
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| Network | | | [ | [ |
| FuzzyLogic || 358 | 932 || 43 | 1.2 [ 91.5 | 123 |
Proposed MPC-
RL 28.6 76.4 3.8 0.5 98.1 11.9

Table 1: Performance Comparison of Different Controllers

The experimental results demonstrate that the proposed hybrid MPC-RL controller outperforms conventional and other
Al-based controllers in terms of dynamic response, steady-state accuracy, energy efficiency, and torque ripple
reduction. Specifically, the proposed controller achieves:

e 32.7% faster rise time compared to PI control

e 39.0% shorter settling time compared to PI control

e 58.7% lower overshoot compared to PI control

e 15.0% improvement in energy efficiency compared to conventional PI control

e 22.0% reduction in torque ripple compared to conventional PI control

V. CONCLUSION AND FUTURE WORK

This paper presented a comprehensive review of Al-based control techniques for BLDC motors and proposed a novel
hybrid approach combining model predictive control with reinforcement learning. The experimental results demonstrate
the superior performance of the proposed hybrid controller in terms of dynamic response, steady-state accuracy, energy
efficiency, and torque ripple reduction.
The key contributions of this work include:

e A systematic review of Al-based control techniques for BLDC motors

e A novel hybrid MPC-RL control architecture that leverages the strengths of both approaches

e  Experimental validation of the proposed approach under various operating conditions

e  Future work will focus on:

e Implementing the proposed controller on embedded systems with limited computational resources

e Extending the approach to handle multiple BLDC motors in coordinated control applications

e Incorporating online parameter estimation to further enhance
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