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This paper focuses on the control of Brushless Direct Current (BLDC) motors
utilizing an enhanced fuzzy control and Neural Network (NN) located
Proportional-Integral-Derivative (PID) control arrangement that acts as real-
time mistake adaptation and adjustment to regulate engine speed. The
intelligent optimization algorithm is also used to embellish the action of the
fuzzy PID controller. BLDC motors are settled in production, conveyance,
and meet extreme-precision requests next to their plain creation, reliable
movement, and superior speed control competence. Improving the control
veracity of BLDC motors is a main research issue, and some improvements
have been made in the current age. Conventional (PID) control algorithms
have a simple form and expansive relevance and are usually used for BLDC
engine speed control. However, these algorithms do not efficiently detect
differences in load conditions. To address this restraint, an FLC and
interconnected system-based PID control means is executed to regulate and
correct control errors in real time. In order to improve BLDC motor dynamic
performance across a range of load circumstances, the suggested hybrid NN-
PID controller will integrate FLC adaptation with NN learning. Simulation
results show that the projected means correct the speed error at 0.2 s from
22.3 to —0.102, from 22.5 to —0.305, and from 38.5 to —13.474, distinguished
by accompanying (NN), FLC rationale, and conventional PID controllers,
individually. In addition, the projected approach reduces torque ripple by
64.13%, 68.3%, and 74.56% distinguished with NN, fuzzy sense, and PID
controllers. The substitution results represent the usefulness of the pertinent
whole form in threatening speed, error, and torque ripple.
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1. INTRODUCTION

BLDC motors [1][2] are now commonly utilized in Electrical, mechanical, and driver applications
because of their good performance and enhanced operational efficiency. Brushless DC motors have many
benefits, such as good control performance, an extensive speed regulation range, and high starting torque [3].
With the continuous expansion of the application field of brushless DC motors, the design requirements for
their control systems have become more stringent [4][5]. Therefore, it is particularly important to establish an
effective and easy-to-use brushless DC motor simulation model. The model should be able to verify the control
algorithm of the system promptly [6]. At the same time, with the help of computer simulation, the system
structure can be artificially changed, different disturbances and parameters can be added, to verify the dynamic
and static properties of the system under different structures and working conditions [7]. Created on the analysis
of the numerical typical of BLDC motors [8]. The switching controller monitors the motor's speed and rotor
position in real time and dynamically adjusts the inverter's pulse-width modulation (PWM) duty cycle
according to the programmed deceleration curve [9]. This process requires careful configuration to avoid
excessive current surges during reverse polarity and protect the motor and associated electrical equipment from
damage. Furthermore, the motor's dynamic characteristics and load variations must be considered [10]. Hall
sensors or rotary encoders provide real-time speed and position feedback for the motor. The control algorithm
adjusts the inverter's output current based on these feedback signals to achieve precise torque control [11]. A
PID controller with feedforward compensation is typically used to ensure system stability and responsiveness,
improving control accuracy and robustness. Furthermore, feedback control can effectively suppress motor
oscillation and overshoot that may occur during braking, ensuring smooth equipment operation [12]. In the
development of motors, the simple structure and good control effect of conventional PID have made it
commonly utilized in the speed control mechanism of brushless DC motors. As the control system environment
becomes more complex and the requirements for control accuracy increase, BL DC motors controlled by
traditional PID control algorithms have the disadvantages of large control accuracy errors and poor adaptability
to the control environment [13]. With the emergence of intelligent control procedures and the continuous
improvement and practice of intelligent control methods by experts, intelligent algorithms can be effectively
combined with conventional PID mechanism procedures to enhance the accuracy of motor mechanisms [14].
To deal with nonlinear systems and uncertainty, typical fuzzy control employs predefined membership
functions and fuzzy inference procedures rather than an accurate mathematical model. Expert fuzzy control,
on the other hand, is a more advanced form of traditional fuzzy logic that incorporates expert knowledge,
heuristic operational experience, and practical decision rules into the fuzzy control system. This integration
improves the system's flexibility, tuning, and control accuracy across a variety of operating circumstances.
Among them, fuzzy control, neural networks, and intelligent optimization algorithms are the three most
commonly used. The speed control of BLDC motors is created on a control algorithm, and different
optimization methods are superimposed to give opportunity to their respective benefits, so that the control
performance of the controller is optimized [15]. Expert fuzzy control is a method that introduces expert
experience based on fuzzy control and improves the control level of the controller by combining the advantages
of the two. Traditional fuzzy controllers have limitations and defects, such as difficulty in determining rules
and a large number of rules [16]. Expert experience can provide a relative adjustment standard to reduce the
difficulty of establishing traditional fuzzy control [17]. The organic combination of fuzzy control and expert
experience has become an important method in intelligent control algorithms. Expert fuzzy control has adaptive
characteristics, but its processing ability is weak when facing new rules [18]. Fuzzy control is based on the way
of thinking of humans in life and converts this way of thinking into computer language to achieve control of
the system object. The benefit of FLC is that it does not require the establishment of a model, which makes it
a key research object. Modern fuzzy control is usually combined with conservative PID control to become
fuzzy PID control and utilized for actual control to improve the control performance of the mechanism system.
This method utilizes the mathematical model of the brushless DC motor drive system, which can be divided
into flux linkage function-based techniques, observer-based techniques, and random filters [19][20].

n [21]-[23], a novel wide-range adaptive sliding mode observer (SMO) is proposed with sinusoidal
inundation switching functionality. The boundary layer can be adaptively attuned, rendering to speed changes
using a fuzzy procedure [24][25]. These allow for improved back EMF estimation accuracy and rotor position
and speed under low and high-speed conditions by appropriately selecting parameters, thus achieving
sensorless control. In [26], a phase-locked loop of a dual second-order integrator and a state observer based on
a delta-winding BLDC motor is proposed to estimate back EMF, proposing a sensorless control method. A
positive sequence back e.m. f can be generated from the expected back e.m. f. and utilized to accurately
estimate the direction of the rotor. Compared with the traditional back EMF zero-crossing detection method,
this method effectively improves control accuracy and reduces commutation error. In [27], a sensorless direct
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torque control technique for brushless DC motors is utilized, which utilizes Kalman filtering. Flux linkage and
torque errors are computed by comparing the effective values with the guessed values computed by the Kalman
filter. Since the traditional Kalman filter model is only applicable to nonlinear systems, the estimated torque is
very inaccurate. In [28][29], the problem is addressed that existing commutation error compensation methods
require additional filtering and detection circuits, making sensorless commutation methods more complex. It
finds that the duration of the terminal voltage spike pulse has a monotonic relationship with the substitution
error, and therefore proposes a closed-loop control method for commutation error based on terminal voltage
spike compensation. In [30][31], the integral of the back electromotive force of the three floating phases is
used for commutation correction by the feedback quantity, and a hardware arrangement to transform the
essential to an analog voltage. Thereafter, the essential is circuitously attained by a pattern of voltage at a low
pattern rate [32]. Therefore, the commutation point is accurately modified to an accurate feedback quantity.

Previous research has presented several FLC, NN-based, observer-based, and sensorless control
approaches for BLDC motors, but several important obstacles remain. The typical PID controller is restricted
in its capacity to adapt to changing load circumstances and operates in a nonlinear environment. Furthermore,
fuzzy PID controllers rely significantly on a set of established expert rules and may have limited learning
capabilities in dynamic operating environments. Many of the previously described ways to managing speed
inaccuracy, torque ripple, and resilience to load transients have been created using neural networks, although
there are certain drawbacks. Furthermore, most previous techniques fail to appropriately integrate rule-based
fuzzy adaptation into neural network learning in an intelligent control framework. Thus, developing an adaptive
hybrid control system that can fulfill the criteria for speed tracking precision, torque ripple, and durability
throughout a wide range of operating situations remains a problem. Given these constraints, this work proposes
a hybrid fuzzy-neural PID speed control for a BLDC motor.

This study demonstrates miscellaneous main investigation contributions for the control of (BLDC)
motors. First, the paper increases the modeling of BLDC motors utilizing the MATLAB/Simulink toolbox and
suggests an improved BLDC engine forming approach. The improved BLDC motor model is designed by
combining a back-EMF generation block and a multi-stage rotor position estimation module to improve the
accuracy of motor modeling and the accuracy of control verification. Second, the limit fuzzy (PID) control
means is used for the BLDC motor speed control scheme to minimize force ripple and enhance speed control.
Third, a (NN) arrangement is grown to substantiate the advantage of the proposed approach, compared with
conventional fuzzy PID and standard PID methods and common PID means. The results show that the BLDC
engine control arrangement displays powerful adaptability and good strength when the interconnected system
method is used. Finally, the simulation results establish the effectiveness of the interconnected system means
in lowering speed, error, and torque ripple.

2. METHODS
2.1. Modeling of a Brushless DC Motor

The numerical model and torque characteristics of a BLDC motor are analyzed by taking 2-phase
conduction and 3-phase 6-state as an instance. The stator coil is star-connected, and the rotor adopts a hidden
pole inner rotor structure. Based on this structure, it is expected that the 3- phases of the motor stator are entirely
regular, the magnetic field in the air gap generated by the rotor permanent magnet is a square wave, and the
back e.m. f of the three-phase coil is a trapezoidal wave; the influence of the armature reaction of stator
winding is ignored; the magnetic circuit is not saturated, and the eddy current loss is not considered [10]. The
voltage equation of the motor phase winding terminal can be deduced as follows:

Ug] [Re O 07fia Le Mg Mg [ia]l [€a] [Un
wl=(0 R, 0l +d/dt* My Ly, Mp|lin| +|en|+|Un (1)
uc 0 o0 Rl My My Lo i led lu,

Where, u is the 3-phase stator winding voltage; U,, is a midpoint voltage, R is a 3-phase winding
resistance, i and e are current and back electromotive force, respectively; M and L are the mutual & self,
inductance of the 3-phase winding. The BLDC motor's rotor is a hidden-pole type. Therefore, L,, Ly, L.,
Mgyp, Mpg, My, Mg, My, and M, can be considered constants, independent of rotor position. Furthermore,
Mgy = Mpq = Mye = Meqg =Mpe = M, =M ,andL, = Ly = L. =L

Where L,, L, L. are the stator three-phase winding self-inductance coefficients; rotor excitation flux
linkage; My;,, Myq, Moo, Mg, My, and M.

Furthermore, based on the 3-phase stator winding being star-connected, the 3-phase current

ig+ip+i,=0 2)
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This equating signifies that the total of the immediate currents abounding around the three stator
revolutions is effectively zero. This simulation results from Kirchhoff’s current law used at the neutral point
of the star-related turning. Since the flat point is not related to an outside track, the currents in the three stages
must balance each other at each instant. This acceptance simplifies the analytical formulation of the BLDC
engine and admits the development capacity equating to the expected lowering to a more condensed form.
Then, formula (1) can be simplified to

Ul [R O O][] [L—-M O 0 14 [la] [€a] [Un
Upl =10 R Ofipf+| 0 L-M 0 ||ibf+|e|+|Un 3)
Uc 0 0 RIL 0 0 L—-—M ic €c U,
From formula (3), the midpoint voltage equation:
Ug +uUp+u e, te,te
Un= a b c_“a b [4 (4)

3 3

This equating shows the energetic potential at the flat point of the stator turning. It is got by balancing the
state voltages and subtracting the average of the back electromotive forces. The center physical ability plays a
main function in the active displaying of the BLDC engine because it affects the active voltage used opposite
each stator stage bending. According to formula (3), the equivalent model of the BLDC motor can be obtained
as demonstrated in Figure 1:

L
P La A | 050 | O
. Vsw R ea
Udcr2 :F L
1
Ude le ¢ 5%
123 R
+ €c
Udc/2 == I
’ 1
I B
0 .
Vsw R en

Figure 1. Motor equivalent diagram

When the motor is running, it recognizes electrical power from the power supply and transmits torque to
a rotor to complete the magnetic flux of air gap. This power is an electromagnetic power, P., which is equal to
the entirety of the products of the opposing potentials of the three-phase windings and the phase currents.

P, = e4i, + eyi, +egic 5)
Neglecting the stray and rotor mechanical loss, the air-gap power is transformed into rotor kinetic energy.
_ eqlg +eplip + e,
< Q
Where, T, is the motor's torque; (2 is a mechanical angular velocity. The machine's formula of motion can be
articulated as

(6)

T dQ
c L — ] dt
Where, T; is the burden torque; J is the motor rotor moment of inertia; B, is the viscous friction coefficient.
The above mathematical model (Equation (1) to Equation (7)) depicts the electrical and mechanical
characteristics of the BLDC motor. According to this model, the PWM inverter module generates switching
voltages for the motor phases, while the rotor position sensor model provides commutation information for
switching the phases and closed-loop speed control.

+ B,Q (7N

2.2. PWM Control of the Inverter
In the BLDC engine drive scheme, the inverter switching signals are generated utilizing a PWM method
to regulate the generated power used to the engine points. The PWM boss compares a reference control signal
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acquired from the speed boss with a high-frequency triangular carrier signal. Established this correspondence,
changing pulses are produced to control the capacity of semiconductor schemes in the inverter. When the
citation signal is higher in amount, the shipper indicates that the matching inverter switch is turned ON;
alternatively, it is off. This process generates an order of pulses whose charge phase varies in accordance with
the control indicated to create a piece boss. The duty cycle D decides the active manufacturing potential used
for the motor and may be articulated as

D=-2 (®)
where T, is the switch conduction time and Ty , is the switching period.

2.3. Modeling a Motor Position Sensor

In a BLDC motor, the position detector detects the location of rotor poles and provides precise substitution
information to the logic switching circuit [33]. This information converts the rotor magnetic pole location
indication into an electrical indication to control the stator winding commutation. Figure 2 shows the schematic
diagram of a 3-phase full-bridge drive circuit. If a 2-by-2 conduction circuit is used, in this mode, every period
the rotor rotates 60 degrees, the inverter bridge commutates, and the stator magnetic state changes accordingly.
Since two power transistors are simultaneously conducting at all times, the motor has six states, each with two
phases conducting [34][35]. In order, they are T6T1, T1T2, T2T3, T3T4, T4T5, T5T6, and so on. The
substitution logic, itemized according to the conduction order, is displayed in Table 1. Table 1 illustrates three
switching states: "1" for positive DC bus connections, "—1" for negative DC bus connections, and "0" for
floating or unenergized phases.

BLDC MOTOR

0 |+

Position
Detection

Figure 2. 3-phase full-bridge drive circuit

Table 1. Logical relationship diagram
State A B C Logical value

T6T1 1 -1 0 001
T1T2 1 0 -1 010
T2T3 0 1 -1 011
T3T4 -1 1 0 100
T4T5 -1 0 1 101
T5T6 0 -1 1 110

Rotor pre-positioning, only after determining the rotor's position at rest, can decide which two switching
devices should be activated first during startup. This process of determining the rotor's initial position is
typically called positioning [36]. The positioning method used in this chapter is the two-phase energization
method, which applies forced traction by energizing any two phases. Because the motor's starting torque is
relatively small, the starting current is controlled within a small range. Its specific value can be adjusted through
experimental testing. The rotor pre-positioning step was accomplished in MATLAB/Simulink by energizing
two phases for about 0.02 seconds before the regular commutation began. To avoid beginning torque and
current spike, the initial current at the start of positioning was kept to roughly 20-25% of the rated current. This
technique resulted in a reliable rotor alignment and the proper commencement of the commutation sequence.
After energizing for a period of time, the rotor will rotate to the predetermined position corresponding to that
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energization state, thus completing the rotor positioning. Figure 3(a) shows the stator and rotor magnetic fields
when phases A and B are energized. Interpreting the right-hand screw rule, the combined stator magnetomotive
force F, can be obtained. If the rotor magnetomotive force Fy is at the position displayed in Figure 3(a), the
rotor will rotate 120° clockwise to align with the motion of the stator electromagnetic field. Before the
positioning current is applied, the position of the motor rotor is random, and its magnetic field direction may
be at any position. If the rotor magnetomotive force is exactly in the reverse direction to F, in Figure 3(a)
before phases A and B are energized, a misalignment will occur between the stator and rotor. The interaction
prevents the rotor from moving. To avoid this problem, a DC power supply can be utilized twice, as displayed
in Figure 3(b). First, the AC phases are energized to form the stator magnetomotive force F,. Even if the rotor
magnetomotive force Fy is at the position shown in Figure 3(b), the rotor will be pulled to the position of F;,.
Then, the AB phases are energized as shown in Figure 3(a), which ensures that the rotor reaches the expected
designated position.

Figure 3. Rotor positioning diagram

3. PID Control of BLDC Motor

Because a PID controller can simultaneously employ two or more control modes, and different control
parameters significantly vary the controller's overall control capabilities, it is essential to determine the
controller parameters that optimize system control performance. Through in-depth research in control theory
and continuous summarization of practical experience, control factor tuning approaches are categorized into
theoretical tuning and production tuning [20]. Theoretical tuning of control parameters requires a specific
mathematical model of the controlled object. However, controlled objects are often complex in structure and
have numerous influencing factors, making accurate mathematical models difficult to obtain. Therefore,
theoretical tuning methods such as the root locus method and the logarithmic frequency scheme are not
applicable. Furthermore, theoretical tuning of control parameters is very cumbersome to calculate, and often
results in suboptimal control parameters due to the neglect of numerous influencing factors. The optimal control
parameters are not suitable for more complex control objects [21]. Therefore, in the method of adjusting the
control parameters of the controller, the production modification technique is usually utilized to adjust the
control factors. The engineering tuning method uses known control experience as the basis for parameter
adjustment, and this tuning adjustment method can observe the response curve of the model at any time and
further adjust the control factors according to the control effect until the control parameters meet the
requirements of use [26]. As shown in Figure 4, the PI process is

v

Proportional (P)

Desired Error
Output +

>

+ Control
Output

» Output

Integral (I) Process

A A

Differential (D)

A A

Figure 4. PID controller structure diagram
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As displayed in the Figure 4 upstairs, the scheme deviation error is attained after the difference operation
between the expected value, the desired output, and the system output value. The PID controller accomplishes
proportional (P), integral (1), and differential (D) operations on the deviation to obtain the input control quantity
of the regulated process. A mathematical expression for the control action has been added in the PID control
section as follows: The control mechanism indication. u(t) The PID controller is defined as:

ut) = Kye(t) + K; f e(@) dr + K, d‘;(tt)
0

©

Where, e(t) = wyer(t) — w(t)is the speed error between the orientation speed and the restrained speed,
K,, K;, and Kare the proportional, integral, and derivative gains, respectively.

4. Fuzzy PID Control of Brushless Motors
The concept of "fuzzy" refers to the general perception of things in daily life by humans, such as the

distance, the taste of dishes, and the age. Fuzzy logic control (FLC) is also called fuzzy control. When
establishing fuzzy control, it is necessary to determine the output domain, the establishment of fuzzy language
variables, and the method of fuzzy logic and fuzzy rule reasoning. Fuzzy control algorithms mainly imitate
human thinking patterns, so there is no need for a mathematical model of the control object. Fuzzy control has
a certain degree of intelligence. The core of fuzzy control is FLC rules and the language that represents the
controlled object. Among them, the rules of fuzzy control are created on the thinking mode of humans in daily
life and the experience gained by experts. Fuzzy control combines fuzzy theory and traditional control theory.
Using fuzzy control can solve problems that cannot be solved well using traditional control methods. In recent
years, the theory of fuzzy control has gradually matured, and the corresponding application fields have become
more extensive. The control effect of the FLC is better than that of conventional control methods, and it has
important significance in the field of artificial intelligence control [27],[37]. As displayed in Figure 5, the FLC
process is as follows: fuzzy processing of input variables (fuzzification); associating the input fuzzy variables
with fuzzy rules (knowledge base) (fuzzy reasoning); processing the obtained fuzzy output variables, and
finally outputting specific parameters and sending them to the controlled object (clarification).

1) Fuzzification: Converting the precise input into a set of fuzzy quantities.

2) Fuzzy reasoning: The output fuzzy variables are usually represented by the input fuzzy variables and
fuzzy rules, and are usually represented by multiple fuzzy rules. The output is a fuzzy quantity, and this
fuzzy quantity is described by a membership function.

3) Explanation: The purpose of explanation is to transform the fuzzy output into a specific output. (4)
Knowledge base: The information in the knowledge base includes membership functions [38][39], the
domain of output parameter changes, the criteria for converting fuzzy variables into specific variables,
and control rules for different control parameters.

a DC supply

‘
PID Tuning DC to AC e,

controller Converter -&

K || K BLDCMotor
*
W+ elt) | Fuzzy Control
- Z system
A feedback rotary
control system

Figure S. Schematic illustration of the suggested control scheme

The operating principle of this regulator is as follows: A speed sensor detects the current speed of the
BLDC:s in real time [40]. The speed deviation change rate, e, ec, is calculated by subtracting the current speed
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from the set speed. These two values serve as inputs to the fuzzy controller, which then outputs three PID
parameters: K, K;, and K. Fuzzy rules are used to output different PID parameters in real time. These rules
are derived from expert experience and practical experience [41][42]. The behavior of the fuzzy system
determines the accuracy of the entire BLDC control mechanism system. Developing complete and effective
fuzzy rules is a prerequisite for achieving high efficiency in fuzzy control methods. An efficient control system
requires experienced and effective fuzzy control rules [43]. Therefore, high-quality control rules are paramount
for efficient BLDC drives and regulation. The fuzzy rules for the fuzzy PID controller specified in this paper
are shown in Figure 6 and Figure 7.
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Figure 7. Fuzzy Rule Editor

4.1. Fuzzy Membership Functions and Rule Design

In the proposed fuzzy PID controller, two input variables are used: the speed error e and the rate of
variation of error ec. The control outputs three restrictions matching the PID yield K, K;, and K, [44][45].
Each recommendation changeable is planned into semantic variables using three-cornered enrollment
functions. The universe of discourse for both inputs is defined in the range [—6,6][-6,6][—6,6], as shown in the
membership function editor in Figure 6. Seven linguistic terms are utilized to signify the input variables: NB
(Negative Big), NM (Negative Medium), NS (Negative Small), ZO (Zero), PS (Positive Small), PM (Positive
Medium), PB (Positive Big).

Triangular enrollment functions are picked because they determine a good balance between
computational clarity and command precision. These functions likewise allow smooth changes between
abutting fuzzy sets, which improves boss establishment.
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4.2. Fuzzy Rule Base Construction.

The rule base consists of 49 rules (7 % 7), which are built based on established expert control information
and the active behavior of the BLDC engine. The rules are created to regulate the PID limits adaptively in
accordance with the size and flow of the speed error [46][47]. If e is PB and ec is PB, therefore a best equivalent
gain K, is applied to quicken the adjustment of the abundant helpful wrong If e is nearly nothing and ec is
limited, the boss reduces K,, and K to prevent oscillations and advance steady-state strength If the wrong is
narrow but changeful briskly, the derivative gain K; increases to restrain omit This construction admits the
FLC to dynamically adjust the PID gains and embellish the changeability of the speed control whole [48].

Impact of Membership Function Selection: The shape and classification of the enrollment functions
considerably influence the boss depiction. Narrower enrollment functions increase subtlety to limited changes
in error, but granting permission brings about oscillations. Conversely, roomier participation functions produce
more flowing control conduct but concede the possibility decrease reaction speed [49]. Therefore, the picked
three-cornered membership functions support a compromise between openness and cohesion. Adjusting the
participation function limits can increase the establishment period, weaken omission, or enhance upset denial
contingent upon the control objective.

Defuzzification Method: The fuzzy deduction system uses the Mamdani conclusion means and the
centroid (center of gravity) defuzzification method. The centroid procedure calculates the fresh output worth
in accordance with:

. ). udu
T [u@) du

Where pu(u) shows the amassed enrollment function of the output changing. This pattern is a usual cause
because it determines smooth and resistant production principles, which are acceptable real-freedom engine
control requests.

PID gains are adaptively adjusted using FLC using two inputs: speed error and change in speed error. The
triangle membership functions were selected because of their straightforward calculation and lack of response
instability. To improve dynamic reaction and disturbance rejection under various working situations, the rule
foundation was created using FLC knowledge from the expert control knowledge.

(10)

5. Neural Network Design

Neural networks (NNs) are the product of the integration of NNs. They combine the benefits of NN
theory, integrating learning, suggestion, appreciation, and information processing. This combination aims to
solve the fuzzy or uncertain problems that traditional fuzzy methods find difficult to handle [50]. Spiking neural
network structure. Generally, according to whether the network structure changes, spiking neural networks can
be divided into static spiking neural networks and dynamic spiking neural networks. Static spiking neural
networks refer to networks that only change parameters, such as weights, during training, without changing the
number of neurons and layers in the network; dynamic spiking neural networks not only change weights during
training, but also dynamically adjust the number of neurons and the connection mode. The network
construction is displayed in Figure 8. Since the system structure adopts unsupervised learning rules for learning,
an inhibition layer is introduced for competition, which can increase the weight of the winning neuron and
reduce the weight of other neurons, effectively reducing the noise in the training process and obtaining better
training results.

T ouTPUT
[ [rey [

W+ Error M) .

I )

|

de/dt O

Process
Variable
Figure 8. Neural network structure diagram
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In designing the neural network controller for this research, it was decided to utilize an MLP architecture
to enhance the adaptability of the BLDC motor speed supervisor. The structure of the NN encompasses three
layers: input layer, hidden layer, and output layer. The input layer has two indications coming from the control
systems:

e(t) = wrep(t) — w(t) (11
ec(t) = d(;(tt) (12)

Where e(t) signifies the speed error and ec(t)denotes the rate of variation of the error.

The interconnected system boss is planned to mirror a PID control device through two affecting animate
nerve organs substitute-controllers: Neural PI superior and Neural PD superior. The PI affecting the animate
nerve organs boss produces the proportional—integral element of the control operation, while the PD affecting
the animate nerve organs boss produces the proportional—derivative factor. By joining these two factors, the
general command behaves similarly to a classic PID controller.

The overall control signal can be articulated as

u(t) = up(t) + upp(t)

(13)
Where,
up () = Kpe(t) + K; [ e(t)de (14)
de(t
upn (1) = Ky (1s)

The neural network dynamically adjusts the effective gains. K, K;, and K; based on the system state,
improving adaptability to load disturbances and parameter variations.

The interconnected system is prepared utilizing a directed education approach. During preparation, the
grid adjusts its weights to understate the error at the midpoint between two points: the requested output and the
concluded productivity. The penalty function for secondhand preparation is the mean squared error (MSE):

1
E=50a-y) (16)
Where y,represents the desired output and yrepresents the network output.
The weights are restored utilizing the slope-lowering innovation in accordance with
0E
wii(k +1) = wy;(k) — Tlm (17)

Where, w;; is the connection weight between neurons, 7 is the learning rate, k represents the iteration step.
A detailed comparison table between the different intelligent PID control strategies has been added in

Table 2.
Table 2: Identification of Intelligent PID Control Approaches for BLDC Motor Speed Control

Controller A Adaptation TR Performance in
Type Control Principle Mechanism Advantages Limitations This Study
Conventional le_ed proportional, No adaptive Simple structure, easy Poor adapt.ab_lllty to Large§t speed error

integral, and control . : load variations, and highest torque
PID .o, . . implementation . . .
derivative gains mechanism higher torque ripple ripple
Fuzzy logic is us'ed Rule-based Handles nonlinearities Requlres expert rule Reduced speed error
to adjust PID gains . . better than design and tuning of
Fuzzy PID adaptation using : . and lower torque
based on error and f . conventional PID, membership .
uzzy inference . e . ripple than PID
error change improved stability functions
Neural network Learning-based High adaptability, Requires a training Bvif:ﬁ fﬁgﬂmﬁe
adjusts PID adaptive tuning improved response process and higher
NN-PID . . speed error and
parameters of controller time, reduced torque computational minimum torgue
dynamically parameters ripple complexity q

ripple
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Table 3 summarizes the functional description of the suggested hybrid fuzzy-neural PID controller for
BLDC motor speed regulation. The Table 3 provides an overview of each subsystem's function and operation
in the suggested control architecture. It explains how the adaptive PID tuning mechanism, FLC, NN adaptation
block, error calculation block, PWM inverter, and BLDC motor feedback circuit are related.

Table 3. Describes the functional characteristics of the suggested hybrid FLC-NN PID controller

Component Function Inputs Outputs Contribution
. Computes speed Generates control
Error Calculation deviation Wref (e(t),ec(t)) variables
Fuzzy Logic Rule-based adaptive (e(t), ec(t)) Preliminary PID Handles nonlinear
Controller tuning ! adjustments behavior
Neural Network . Adaptive correction o
Block Learns system dynamics (e(t),ec(t)) factors Improves adaptability
. . Fuzzy + NN . . Enhances response
tes (K, K;, K, .
PID Gain Tuning Updates (K, K;, Kq) outputs Optimized gains quality
PID Controller Generastiegsnzlcontrol Speed error Control voltage Regulates motor speed
PWM Inverter Producpez;:fsltchmg Control signal Inverter voltage Controls motor power
BLDC Motor Controlled plant Inverter voltage Rotor speed Mechanical output
Feedback Loop Measures actual speed Motor speed Feedback signal Closed-loop stabilization

PID factor tweaking, the NN module was implemented as an adaptive feed-forward network. The network
receives the speed error and error variation as input signals, and the controller's gains are modified in
accordance with the BLDC motor's nonlinear operating characteristics. The mean squared error between the
reference speed and the actual speed will be minimized by the adaptive learning process. The training flow
chart of network connection probability is displayed in Figure 9:

Initialization of weights
param eters
1
Construction of a multilayer
perceptron
] |
Probability sam pling
1
Tramn Sam ples in batches

|

Completing
training samples

Determ ine the identical
connection probability

1

Reconnect the network
probabilistically

Figure 9. Network connection probability flow chart

Figure 10 shows a block diagram of the BLDC machine model, which primarily includes the BLDC main
module, voltage inverter module, current hysteresis control mechanism module, speed control mechanism
module, and orientation current module. In a BLDC motor control system, the controller generates motor speed
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and direction control signals based on the control approach. A position detector generates a position signal
representing the motor rotor. The electronic commutator logically synthesizes the rotor position signal, motor
speed regulation, and direction control signals to generate corresponding switching signals. These switching
signals trigger the inverter's power switches in a specific sequence, distributing power to the motor stator's 3-
phase coils through a specific logical relationship, enabling the machine to generate continuous torque. The
following is a detailed description of each module's function.

A virtual prototype model of the BLDC motor drive system was built in MATLAB/Simulink to examine
the dynamic performance of the suggested PID, fuzzy PID, and NN-PID control techniques under various
operating situations. To aid in motor analysis and controller vectoring, the virtual prototype integrates a motor
mathematical model, PWM inverter, rotor-position sensor, and intelligent control algorithms into a single
simulation environment.

Fuzzy
Controller
w - Z Neural Transfer [The A
Controller S =
Phase regulator
PID l
Controller PWI\!
regulation
3
DC to AC DC
Converter || Supply
Current
Circuit
Rotor Position /,Eo BLDC Motor
N
L P4

Figure 10. Schematic diagram of BLDC vector control system

6. RESULTS AND DISCUSSION

The simulation results supply the main insights into the influence of the projected control planning for
BLDC engine speed regulation. Although MATLAB/Simulink was used as the simulation platform, the major
objective of the imitation is to judge the active act of the control algorithms under variable load conditions.
The results display that the common PID boss exhibits comparatively large speed error and greater torque
ripple when unexpected load disturbances are introduced. When FLC is joined with the PID controller, the
system shows revised changeability and shortened constant-state error due to the skill of the fuzzy machine to
regulate the controller limits in accordance with the wrong and allure rate of change. The suggested NN-PID
boss further improves method efficiency by providing adaptive bringing into harmony of the control limits
through the interconnected system makeup. As a result, the weapon speed reception improves faster, the speed
error is substantially minimized, and the turn ripple is diminished. These results display that the neural-
network-based controller can better handle nonlinear traits and limit differences of the BLDC motor
distinguished by common control suggestions. This paper establishes a simulation model of a BLDCM closed-
loop speed system created on MATLAB/Simulink and performs simulations on the model. In the simulation,
the BLDCM motor parameters are represented as follows: R = 0.194Q (stator winding resistance per phase), L
= 0.097mH (self-inductance per phase), M = 0.062mH (mutual inductance), / = 0.0027 kgem? (moment of
inertia), B = 0.0004 Nmes/rad (damping coefficient), rated speed n = 475rpm, pole pair number p = 8, and a
300 V DC power supply. The speed PID controller parameters are set as K;, = 0.06, Ki = 35, and K3=2.5.

6.1. Results with PID

To check the dynamic behavior of the designed BLDC speed control simulation model, the system was
started with no load. After entering steady state, a load torque of 5.6 Nm was suddenly applied at t =0.2 s. The
load torque was suddenly reduced to 2.5 Nm at t = 0.4 s. The simulation curve of system speed is displayed in
Figure 11. As demonstrated in Figure 11, the BLDC motor speed response curve reaches its peak at 475 rpm
at 0.05s, and the overshoot ranges from 655.556 to 417.5 rpm, after oscillations. After the load is added, 0.2s
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later, the system's speed response time is 0.26s. At time 0.4s, the overshoot ranges from 492.97 to 468.15 rpm.
For the simulations, the reference motor speed was set to 475 rpm, with a load torque step of 2.5 Nm to 5.6
Nm.

Figure 12 shows the error in speed with PID at time 0.2s. The error ranges from 38.5 to -13.474 rpm. At
time 0.4 s, the error ranges from 6.3 to -19.1 rpm. The error value is large, and the process of settlement time
is longer. For the simulations, the reference motor speed was set to 475 rpm, with a load torque step of 2.5 Nm
to 5.6 Nm. Figure 13 depicts a comparison of the dynamic performance of the PID approach. At t = 0.2s, the
load torque of the BLDC motor changes from 5.6 Nm to 2.5 Nm while operating at its rated speed of 475 rpm.
As demonstrated in Figure 13, when the load changes abruptly, the system completes the torque reaction.
Traditional PID has a large ripple of 74.56%. For the simulations, the reference motor speed was set to 475
rpm, with a load torque step of 2.5 Nm to 5.6 Nm.
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Figure 13. shows the torque with PID

6.2. Results with Fuzzy
The simulation curve of system speed is displayed in Figure 14. As depicted in Figure 14, the brushless
DC motor speed response curve reaches its peak at 475 rpm at 0.03 s, and the overshoot ranges from 508.12 to
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475 rpm, after oscillations. After the load is added, 0.2s later, the system's speed response time is 0.245s. At
time 0.4s, the overshoot ranges from 483.21 to 472.84 rpm. For the simulations, the reference motor speed was
set to 475 rpm, with a load torque step of 2.5 Nm to 5.6 Nm.

Figure 15 shows the error in speed at 0.2s with fuzzy. The error ranges from 22.5 to -0.305 rpm. At time
0.4 s, the error ranges from 1.41 to -7.7 rpm. The error value is low. The settlement process is less than the PID
method, according to the simulation results. For the simulations, the reference motor speed was set to 475 rpm,
with a load torque step of 2.5 Nm to 5.6 Nm. Figure 16 depicts a comparison of the dynamic performance of
the fuzzy approach. At t = 0.2s, the load torque of the BLDC motor changes from 5.6 Nm to 2.5 Nm while
operating at its rated speed of 475 rpm. As demonstrated in Figure 16, when the load changes abruptly, the
system completes the torque reaction. The improved PID using Fuzzy has a ripple of less than 68.3%. For the
simulations, the reference motor speed was set to 475 rpm, with a load torque step of 2.5 Nm to 5.6 Nm.
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Figure 16. shows the torque of speed with fuzzy
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6.3. Results with NNs

The simulation curve of system speed is displayed in Figure 17. As depicted in Figure 17, the brushless
DC motor speed response curve reaches its peak at 475 rpm at 0.021 s, and the overshoot ranges from 508.32
to 475 rpm, after oscillations. After the load is added, 0.2s later, the system's speed response time is 0.236s. At
time 0.4s, the overshoot ranges from 482.201 to 473.25 rpm. For the simulations, the reference motor speed
was set to 475 rpm, with a load torque step of 2.5 Nm to 5.6 Nm.

Figure 18 shows the error in speed with NNs at time 0.2s. The error ranges from 22.3 to -0.102 rpm. At
time 0.4 s, the error ranges from 0.98 to -8.2 rpm. The error value is lower than that of the PID method. The
settlement process is less than the PID method, according to the simulation results .For the simulations, the
reference motor speed was set to 475 rpm, with a load torque step of 2.5 Nm to 5.6 Nm. Figure 19 depicts a
comparison of the dynamic performance of the NNs and the PID approach. At t = 0.2s, the load torque of the
BLDC motor changes from 5.6 Nm to 2.5 Nm while operating at its rated speed of 475 rpm. As demonstrated
in Figure 19, when the load changes abruptly, the system completes the torque reaction. The improved PID
using NNs has a low ripple of 64.13%. The simulation results prove that the NN method is much better than
the PID and Fuzzy regulators in terms of reaction time, speed error value, and torque ripple. For the simulations,
the reference motor speed was set to 475 rpm, with a load torque step of 2.5 Nm to 5.6 Nm.

The comparison findings demonstrate that the NN-PID controller outperforms fuzzy and conventional
PID controllers in terms of dynamic performance. Due to its intrinsic features and inability to adjust to various
control gains, the traditional PID controller exhibited the highest torque ripple (74.56%) and the biggest speed-
error variances under various load situations. The fuzzy PID controller achieved a torque ripple of around
68.3% while improving system stability through rule-based adaptive tuning. In contrast, the suggested NN-
PID controller performed the best overall due to its quick reaction time, lower steady state speed error, and
lowest torque ripple of about 64.13%. The neural network's capacity to learn and modify the controller settings
in reaction to the nonlinear operating circumstances of the BLDC motor system is the main factor behind this
improved performance. Based on the findings derived from the simulation outcomes, Table 4 presents the error
metrics associated with speed, torque fluctuation, and response duration employing various simulation
techniques.
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Table 4 shows the comparison between the three methods.

Results PID Fuzzy NNs
response time at 0.2s for speed 0.26s 0.245s 0.236s
Error at time 0.2s for speed 38.5t0-13.474 22.5t0-0.305 22.3t0-0.102
Error at time 0.4s for speed 6.3 to -19.1 1.41to0-7.7 0.98 to -8.2
Ripple of toque 74.56% 68.3% 64.13%
Performance Less Good Best

The suggested hybrid fuzzy-neural PID controller performs better overall than the previously published
BLDC motor control techniques, according to the comparison data in Table 5. When compared to the other
approaches, the suggested controller has the lowest torque ripple (64.13%), reaction time (0.20 s), and steady
state speed error. In contrast to traditional PID controllers with fixed gains and fuzzy controllers that primarily
rely on predefined rule sets, the suggested NN-PID approach is based on adaptive fuzzy logic and the learning
capacity of neural networks, which enables better nonlinear compensation and adaptability in various load
conditions. The outcomes show that the suggested intelligent control technique for BLDC motor speed
regulation is reliable and effective. Table 5 shows the Comparison Between the NN-PID Controller and
Previous Studies

Table 5. Comparative Analysis Between the Proposed NN-PID Controller and Previous BLDC Motor Control Studies

Ref. Control Method Main Objective Response Characteristics Torque Ripple
Performance
[51] Hybrid Fuzzy Logic Torque ripple reduction in Improved dynamic response Significant torque ripple
+ Adaptive SVM PM-BLDC drives with smoother commutation reduction reported
ng;y-Based Torque ripp 1.e SUPPression Improved robustness against ~ Reduced ripple and harmonic
[52] Sliding Mode under variable-speed . . .
. disturbances distortion
Control operation
(53] DGOA-Optimized Speed regulation and ripple Faster transient response Reduced the torque ripple
FOPID Controller minimization compared with PI control factor
Fuzzy Active . .
[54] Disturbance Torque pulsation . Improved dynamic stability Reduced torque puls_a tion
A suppression in PMSM drives under complex conditions
Rejection Control
Lo Improved nonlinear
Neuro-Fuzzy Speed tracking improvement . .
[55] Nonlincar PID for EV BLDC systems compensation aqd Enhanced adaptive response
disturbance rejection
Pronosed Hybrid Fuzzy— Simultaneous speed-error Fast response with Torque ripple reduced to
S tll)l d Neural PID reduction and torque- reduced steady-state error 64.13% under identical
¥ Controller ripple mitigation (£0.102 rpm) operating conditions

7. CONCLUSIONS

BLDC motors are extensively utilized in industry, transportation, and other high-precision applications
due to their simple structure, reliable operation, and excellent speed regulation capability. This paper first uses
MATLAB to build a virtual prototype model and simulates it with the brushless DC motor model. The virtual
prototype's control requirements for the BLDC motor are determined and implemented. The BLDC motor's
control scheme is a closed-loop control system with internal feedback for speed control. Finally, simulations
of the virtual prototype using traditional PID, fuzzy PID, and NN-PID are performed in MATLAB, and the
simulation results are compared. The proposed control method was compared via simulation in
MATLAB/Simulink. The simulations verified that the NN-PID control algorithm drives the motor more
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efficiently than the traditional PID algorithm, fuzzy PID control, improving motor speed regulation and overall
system stability, and reducing the ripple in the torque. The torque-ripple ratio of the typical PID, fuzzy PID,
and NN-PID controllers was around 74.56%, 68.3%, and 64.13%, respectively. The NN-PID controller
produced the minimum torque ripple due to its improved nonlinear control performance and adaptive learning
ability. The simulation results demonstrate the effectiveness of the proposed approach in reducing speed, error,
and torque ripple. Future work will devote effort to enhanced methods, a degree, historical algorithms, or atom
swarm optimization, such as genetic algorithms or particle swarm optimization, for optimal tuning of controller
parameters. Another potential direction is the unification of advanced deep learning techniques to improve
adaptive control behavior under variable load conditions and limit doubts. Future studies will focus on
Hardware-in-the-Loop (HIL) testing to further evaluate practical viability and industrial applicability, as well
as real-time implementation and experimental testing of the suggested controller in the DSP/FPGA platform.
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