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1. Introduction  
The development of brushless direct current (BLDC) motors is a significant advancement over 

traditional brushed motors, a cleaner high-performance technology. Brushed motors have a number 
of inherent disadvantages, such as frictional loss, increased noise and needs for regular maintenance 
due to brush and commutator wear [1]. These disadvantages have prompted ongoing research into 
more reliable, longer-lasting and energy-efficient motor technologies. BLDC motors solve these 
problems by eliminating wear-susceptible mechanical components such as brushes and commutators. 
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 Brushless DC (BLDC) motors have seen substantial development across a 
wide range of applications, driven by their high performance and inherent 
robustness. As a result, the demand for accurate control of speed and torque 
has grown considerably. Despite numerous control strategies from 
traditional PID controllers to more recent artificial intelligence-based 
methods achieving precise speed control for BLDC motors remains a 
significant challenge. This article explores the enhancement of BLDC 
motor speed control through a comparative analysis of two advanced 
control strategies: an Artificial Neural Network (ANN) controller, 
representing intelligent control methods from the field of artificial 
intelligence, and a Super-Twisting Sliding Mode Controller (STSMC), 
recognized for its strong robustness against external disturbances.  The 
originality of this work lies in studying systematically the trade-off between 
control quality and computational complexity for both ANN and STSMC. 
The simulation results obtained using Matlab/Simulink demonstrate and 
validate the performance of both controllers. The tests are generally 
conducted under two scenarios. In the first scenario, the motor is subjected 
to a constant load torque; the results show that the ANN controller has a 
response time of 0.25 seconds, while the STSMC is faster with a response 
time of 0.17 seconds. In the second scenario, under a load torque 
disturbance, the response times are 0.42 seconds for the ANN and 0.15 
seconds for the STSMC. 
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Instead, they use electronic commutation, which is usually regulated by an inverter and powered 
through Hall sensors or sensorless methods [2]. This concept lowers power consumption, increases 
power densities, increases working times and improves overall efficiency [3]. It is because of these 
reasons that BLDC motors are increasingly being used today in a number of applications such as high-
performance, reliability and durability. 

Increasing technology creates the demand for brushless DC motors in various industries such as 
automotive, aerospace, robotics and precision manufacturing [4]. BLDC motors have a few major 
advantages over induction motors: faster dynamic response, improved resolution torque control and 
improved energy efficiency. But these advantages are trailed by some disadvantages, i.e., high initial 
cost and sophisticated control systems [5]. Even though BLDC motors are physically identical to 
Permanent Magnet Synchronous Motors (PMSM), both utilize different commutation techniques. 
BLDC motors utilize rectangular (trapezoidal) commutation, while PMSM motors use sinusoidal 
commutation [6].This significant difference puts BLDC motors in a premium when quick starting, 
rapid gear shifting or delicate dynamic response is required [7]. 

An operation of a BLDC motor relies on an electronic inverter that switches current through 
stator windings, offering a replacement for brushes and commutator used in traditional DC motors. 
The commutation is synchronized with the rotor's angular position, normally sensed by Hall-effect 
sensors [8]. These sensors offer instantaneous information essential to inverter control and smooth, 
accurate motor rotation maintenance [9]. In more advanced systems, however, physical sensors can 
be eliminated altogether with sensorless control algorithms. These techniques estimate the position of 
the rotor from analyzing motor voltage and current signals [10], [11]. 

BLDC motor control and power supply techniques are categorized into several classes depending 
on whether position sensors and power converters are used [12]. Sensor-based techniques, that is, 
using Hall-effect sensors or optical encoders, enable accurate sensing of rotor position with maximum 
commutation and efficient torque control at low speed. However, they add to the cost, system size, 
and environmental sensitivity [13]. Sensorless techniques employ estimation algorithms that obtain 
rotor position from motor terminal voltages or currents. While they reduce hardware complexity and 
cost, they are less accurate at low speed, and therefore their application in systems requiring high 
accuracy is still low [14]. Moreover, power converter control, generally founded on a three-phase 
inverter, allows accurate speed and torque control by methods like Pulse Width Modulation (PWM), 
Field-Oriented Control (FOC), or six-step commutation [15]. Conversely, low-cost or constant-speed 
applications will sometimes use control without converters through basic switching circuits, usually 
at the cost of energy efficiency and dynamic response [16]. Therefore, the choice of control strategy 
strongly depends on cost constraints, precision requirements, efficiency targets, and the specific 
application domain [17], [18]. 

In the literature, several methods of control have been suggested. The most common is the 
classical PID (Proportional–Integral–Derivative) controller as it is simple to implement and cheap 
[19]. For adjusting its parameters under the influence of disturbances, various empirical methods are 
commonly employed, such as the Ziegler-Nichols method (via step response or ultimate gain) [20], 
the Cohen-Coon method [21], and the Tyreus-Luyben method [22], all aimed at striking a balance 
among speed of response, stability, and ease of implementation. At a more analytical level, approaches 
such as pole placement, H∞ optimization, and frequency analysis (Bode and Nyquist diagrams) enable 
the design of high-performance PID controllers based on mathematical models of the system [23]. In 
addition, numerical optimization techniques and artificial intelligence methods provide powerful 
alternatives for tuning controllers in nonlinear or complex systems [24]. Among these are evolutionary 
algorithms such as PSO (Particle Swarm Optimization) [25], GA (Genetic Algorithm) [26], and GWO 
(Grey Wolf Optimizer) [27]. These are complemented by machine learning approaches, including 
neural networks, adaptive fuzzy logic, and direct search methods like the Nelder-Mead method or 
gradient descent [28], [29]. 

Fuzzy logic control is also widely used owing to its ability to handle uncertainty 
and load fluctuation without a precise mathematical model of the motor [30]. Model Predictive 
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Control (MPC) is a mature technique that predicts future system dynamics so that dynamic constraints 
can be handled efficiently at the cost of increased computational complexity [31]. Moreover, Sliding 
Mode Control (SMC) [32], and more specifically its enhanced version called Super-Twisting SMC 
[33], is highly regarded due to its robustness to uncertainties and because it allows for exact tracking 
even in the presence of disturbances [34], [35]. 

With the emergence of artificial intelligence approaches, there have been new intelligent 
controllers, especially those based on neural networks and reinforcement learning algorithms, that can 
adjust control actions adaptively in response to actual operating conditions [36]. The selection of the 
control strategy or algorithm is therefore a trade-off between performance, robustness, computational 
complexity, and simplicity of implementation, depending on the application [37], [38]. 

The cruise control of the BLDC motor remains one of the top challenges and a primary focus of 
current research. The most important contribution of this paper is presenting a new control method 
based on two extremely advanced controllers: an Artificial Neural Network and a Super-Twisting 
Sliding Mode Controller. The paper provides a thorough comparison of these two methods in terms 
of response time, stability, and robustness based on the analysis of various operating conditions and 
perturbed cases. The approach provides more accurate estimation of the dynamic performance and 
flexibility of each method, thus introducing new areas of intelligent and robust control of BLDC 
motors. 

Despite these numerous approaches, most existing studies have focused either on conventional 
control techniques or on isolated intelligent methods, without providing a systematic comparison of 
robustness against stochastic load variations and sensorless operation. Recent work on sensorless 
control of BLDC motors [39], [40] highlights the growing need for reliable controllers capable of 
maintaining high accuracy even in the absence of position sensors, particularly at low speeds. 
However, there remains a lack of research on the evaluation of the behavior of advanced controllers, 
such as artificial neural networks and super-twisting sliding mode control, in the presence of 
unpredictable disturbances and estimation uncertainties. This gap motivates the present study, where 
we hypothesize that the intrinsic chattering reduction offered by STSMC can improve stability and 
robustness, while ANNs provide adaptive learning capabilities for better dynamic performance. 

The study presented in this article is structured in a clear and logical manner. Following an 
introduction that provides the context of the subject, outlines the research problem, reviews the 
existing literature, and presents the proposed contribution, the second section addresses the 
mathematical modeling of the BLDC motor. The third section is devoted to the presentation of the 
two controllers used, detailing their respective operating principles. The fourth section presents the 
simulation results, along with a comprehensive comparison of the obtained performances and a critical 
discussion of the findings. Finally, the article concludes with a summary of the work conducted and 
offers perspectives for future research directions in the field of intelligent control of BLDC motors. 

2. BLDC Motor Modeling 
This part will try to provide the mathematical model of the BLDC motor model, divided into two 

fundamental parts. The first section will be in charge of the analysis of the equivalent circuit diagram, 
electric and mechanical equations of the BLDC motor. The second section will deal with the analysis 
of the transfer function considering two working modes: no-load and loaded. 

2.1. BLDC motor dynamics modeling 

Mathematical model of the two pairs of poles BLDC three-phase motor is discussed in this first 
subsection, according to its electrical and mechanical equations [41]. The stator consists of a full-pitch 
winding in Y (star) connection, whereas the rotor features a smooth surface polar structure. Three 
Hall-effect sensors are symmetrically positioned with a 120-degree electrical offset, ensuring precise 
and balanced commutation [42], [43]. Furthermore, the mathematical equations describing the 



ISSN 2775-2658 
International Journal of Robotics and Control Systems 

2363 
Vol. 5, No. 4, 2025, pp. 2360-2378 

	 	

 

Anwar Hasni (Optimized Speed Regulation of BLDC Motors: A Comparative Performance Study of Artificial Neural 
Networks and Super-Twisting Sliding Mode Controllers) 

 

behavior of the BLDC motor are derived based on a set of simplifying assumptions, which are detailed 
below. 

● Disregarding cardiac saturation, eddy currents and deceleration. 

● Remove the armature feedback and observe the magnetic field spreading from the air gap as 
a trapezoidal wave with a smooth top spanning 120 electrical angles. 

● Ignore the effect of feedback and assume that electrically conductive elements are distributed 
uniformly and continuously over the surface of the armature. 

● The control circuit switches and handwheel diodes in the power inverter circuit provide 
perfect switching performance. 

Equivalent schematic of the BLDC drive shown in Fig. 1. 

 
Fig. 1. Brushless motor equivalent diagram 

Single-phase electrical equation for a BLDC motor can be expressed as: 

 𝑣! = 𝑅 ⋅ 𝑖! + 𝐿 ⋅
𝑑𝑖!
𝑑𝑡

+ 𝑒! (1) 

Phase voltage equation in matrix form for a three-phase BLDC motor is: 

 +
𝑣!
𝑣"
𝑣#
, = 𝑅 +

𝑖!
𝑖"
𝑖#
, + 𝐿

𝑑
𝑑𝑡
+
𝑖!
𝑖"
𝑖#
, + +
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𝑒"
𝑒#
, (2) 

Phase voltage equation based on line voltage can be derived as: 

 𝑣!" = 𝑣! − 𝑣" = 𝑅(𝑖! − 𝑖") + 𝐿
𝑑(𝑖! − 𝑖")

𝑑𝑡
+ (𝑒! − 𝑒") (3) 

Instantaneous electromagnetic power transferred to the rotor is given by: 

 𝑃$% = 𝑒!𝑖! + 𝑒"𝑖" + 𝑒#𝑖# (4) 

Represents the useful power (excluding losses), directly linked to torque production. Assuming no 
mechanical or parasitic losses: 

 𝑃$% = 𝑇$ ⋅ Ω (5) 

The electromagnetic torque can be expressed as: 

   𝑇$ =
&
'
⋅ 𝑃 ⋅ 𝐾( ⋅ 𝜓 ⋅ sin(𝜃) (6) 

Or, in general: 
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 𝑇$ =
3
2
⋅ 𝑃 ⋅ (𝑒!𝑖! + 𝑒"𝑖" + 𝑒#𝑖#)/Ω (7) 

The dynamic equation describing rotor motion is: 

 𝑇$ − 𝑇) = 𝐽 ⋅
𝑑Ω
𝑑𝑡

+ 𝐵 ⋅ Ω (8) 

2.2. Transfer function of the BLDC motor 

The transfer function constitutes a fundamental structured model in control system theory. It 
provides a simplified representation of a system's dynamic behavior, and the mathematical models 
derived from it are widely used in various fields of automatic control. Several analysis and design 
methods, such as pole placement and frequency feedback techniques, have been developed based on 
this classical approach rooted in transfer function theory [44], [45]. In this context, the transfer 
function of a BLDC motor plays a key role in performance analysis and control system design. Unlike 
conventional DC motors, BLDC motor windings are energized as a function of the rotor position, and 
are typically configured in three-phase or multi-phase arrangements. However, the fundamental 
principles governing the electromotive force (EMF) and electromagnetic torque generation per phase 
are similar to those in standard brushless DC drives, making it possible to adopt analogous analysis 
approaches [46], [47].  

Let us examine the scenario in which a three-phase BLDC inverter operates under full-bridge 
control in two-phase conduction mode. In this mode, at any given instant, two of the three stator 
windings are energized while the third remains inactive. For example, when phase A and phase B are 
conducting, the current conditions can be defined as: 

 >
𝑖! = −𝑖" = 𝑖
𝑑𝑖!
𝑑𝑡

= −
𝑑𝑖"
𝑑𝑡

=
𝑑𝑖
𝑑𝑡

 (9) 

Under these conditions, the line voltage 𝑈!" can be reformulated as: 

 𝑈!" = 2𝑅 ⋅ 𝑖 + 2(𝐿 −𝑀) ⋅
𝑑𝑖
𝑑𝑡
+ 2𝐾$ ⋅ Ω (10) 

Formula (10) expresses the voltage loop equation of the printed circuit precisely when the two-phase 
windings are energized, with the corresponding equivalent circuit shown in Figure 1. It's worth 
mentioning that the same circuit shown in Fig. 2 can also be used in the three-phase half-bridge and 
three-phase full-bridge drive types of the BLDC motor, taking into account the specific values of Ke 
and Kt. 

 
Fig. 2. Equivalent two-phase BLDC motor circuit. 
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Initially, when the BLDC motor operates under no-load conditions, the current can be expressed in 
terms of the angular speed as: 

 𝑖(𝑡) =
𝐽
𝐾(
⋅
𝑑Ω(𝑡)
𝑑𝑡

 (11) 

By substituting this expression into the line voltage equation, we obtain a new differential equation 
that relates the DC input voltage to the motor's angular velocity: 

 𝑈*(𝑡) = 𝑟! ⋅ B
𝐽
𝐾(
⋅
𝑑Ω(𝑡)
𝑑𝑡 C + 𝐿! ⋅

𝑑
𝑑𝑡 B

𝐽
𝐾(
⋅
𝑑Ω(𝑡)
𝑑𝑡 C + 𝐾$ ⋅ Ω(𝑡) (12) 

Applying the Laplace transform to this time-domain equation yields the no-load transfer function of 
the BLDC motor, which links the Laplace-transformed angular speed Ω(𝑠) to the input voltage 𝑈*(𝑠): 

 
Ω(𝑠)
𝑈!(𝑠)

=
1

𝐾" +
𝑟#𝐽
𝐾$
𝑠 + 𝐿#𝐽𝐾$

𝑠%
	 (13) 

When a load torque 𝑇) is applied, the mechanical equation must also be considered: 

 𝑇$ − 𝑇) = 𝐽 ⋅
𝑑Ω
𝑑𝑡

+ 𝐵 ⋅ Ω (14) 

Combining the electrical and mechanical models and transforming into the Laplace domain, the 
complete transfer function for the system becomes: 

 Ω(𝑠) =
𝑈!(𝑠)

𝐾" +
𝑟#𝐽
𝐾$
𝑠 + 𝐿#𝐽𝐾$

𝑠% + 𝐵
𝐾$
𝑠
−
𝑇&(𝑠)
𝐽𝑠 + 𝐵 (15) 

3. Controller Design 
This section aims to present the operating principle and structure of the two controllers analyzed 

in this article: the artificial neural network and the super-twisting sliding mode controller. It is 
organized into two complementary subsections. The first is dedicated to the ANN controller, detailing 
its architecture, training phase, and the performance achieved after training. The second subsection 
focuses on the STSMC controller, highlighting its operating principle, structural design, and the 
underlying mathematical model. In this study, the originality lies in the joint optimization of the PID 
and STSMC controller parameters to ensure the quality of the data used for training the artificial neural 
network and to guarantee a fair comparison between the two control strategies. In practice, the PID 
parameters, used to generate input-output data for the ANN, as well as the STSMC gains K1 and K2, 
were adjusted offline using the Grey Wolf Optimizer (GWO) algorithm [48]. 

3.1. Artificial Neural Network Controller 

Artificial Neural Networks are inspired by the operating principles of the human nervous system. 
They are built upon a mathematical model composed of interconnected neurons, organized according 
to well-defined relationships in order to accomplish a specific task [49]. The system is structured 
around three main layers: the input layer, the hidden layer, and the output layer [50]. Control is 
achieved by transferring external information and data from the input layer to the output layer through 
activation functions [51]. This feature enables the ANN to conform to different system scenarios, 
whether linear or non-linear, so that the system perfectly reproduces the desired response. 
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In this study, an artificial neural network is developed using data collected from a PID controller, 
with the goal of training the model and assessing its ability to respond to the dynamic behavior of a 
BLDC motor [52], [53]. The neural network has two neurons distributed in two layers. The input to it 
is the error signal, i.e., the difference between the desired mechanical speed and the actual speed of 
the motor. The network outputs the appropriate supply voltage that must be provided in order to 
achieve the desired speed. The artificial neural network is trained using data from the PID controller, 
which is taken as a reference to enhance the robustness and agility of the control system. The Fig. 3 
illustrates the artificial neural network block diagram used in this research, its structure, and operation 
principle [54], [55]. 

 
Fig. 3. The perceptron concept is the neural artificial perception model chosen. 

The behavior of an artificial neural network can be described by the following equations: 

 𝑦+ = F𝑤+
(')

.

+/0

⋅ 𝑔 IF𝑤+1
(0)

2

1/0

⋅ Φ1 + 𝑏+
(0)L + 𝑏(') (16) 

The activation function, selected here as a sigmoid function, is defined as follows: 

 𝑔(𝑥) =
2

1 + 𝑒34
− 1 (17) 

This structure confers on the network the ability to approximate dynamic non-linear relationships by 
modifying weights and biases during learning. 

Fig. 4 show the simulation scheme used for closed-loop control of a brushless motor with a 
controller based on an artificial neural network. This model was developed following the collection 
of data from a traditional speed control loop based on a PID controller. The system receives a desired 
speed setpoint, which is then compared with the actual motor speed to generate an error signal. This 
error is fed into the neural network, which produces a control signal in the form of a voltage. The 
neural network is designed to handle the system's non-linearities and uncertainties, based on a 
mathematical model of the motors dynamic performance. The schematic highlights the adaptive 
capabilities of the ANN controller, which learns the system dynamics in real time, enabling robust, 
precise, non-linear speed control. 

Fig. 5 presents an analysis of the results of an artificial neural network applied to the modeling 
or control of a brushless DC motor system. It is divided into four sub-figures, each offering a particular 
analysis of the results obtained. 

(a) Network Performance Curve: 

This subset highlights the evolution of the root mean square error (RMSE) throughout the 
learning process, clearly underlining the convergence of the model and its effectiveness in reducing 
error on the training, validation and test datasets. 
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Fig. 4. Control architecture of a brushless DC motor using an ANN 

(b) Optimization and Stopping Criteria:  

Key learning parameters such as the gradient, learning rate (μ) and validation process are 
highlighted in this profile, underlining both the effectiveness and robustness of the training, as well as 
the systematic early-stop process put in place to avoid over-fitting. 

(c) Prediction Error Histogram:  

This subplot displays the distribution of prediction errors across all data points. The strong 
concentration around zero underscores the model’s accuracy and its minimal deviation from the 
expected results. 

(d) Network Output Fit to Reference Values:  

This plot compares the predicted outputs to the reference values, showing a close match and low 
residual errors. It highlights the model’s ability to accurately learn and reproduce the underlying 
functional relationship. 

 
Fig. 5. Comprehensive performance evaluation; (a) Network performance curve, (b) Optimization parameters 

and stopping criteria, (c) Histogram of prediction errors, (d) Adjustment of network outputs to targets. 
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3.2. Second-Order Sliding Mode Controller 

This section is dedicated to the development of the second controller investigated in this study: 
the Super-Twisting Sliding Mode Controller [56]. The aim is to conduct a comparative analysis 
between this controller and the previously developed Artificial Neural Network controller, using 
performance criteria such as speed tracking accuracy for the BLDC motor and robustness against load 
variations. The adopted strategy is based on STSMC, which utilizes the error between the desired 
speed and the actual motor speed to generate a control signal in the form of voltage. This control 
voltage is applied to the motor model to ensure that the motor follows the desired speed, as illustrated 
in Fig. 6. 

 
Fig. 6. Control architecture of a brushless DC motor using STSMC controller 

The primary objective is to ensure that the motor speed 𝑉motor accurately tracks the user-defined 
reference speed 𝑉ref [57]. To achieve this, the following sliding surface is defined: 

 𝑆 = 𝑉motor − 𝑉ref (18) 

While the conventional Sliding Mode Controller (SMC) aims to bring the system state to the surface 
defined by 𝑆 = 0, the Super-Twisting Sliding Mode Controller (SOSMC) seeks to satisfy both 𝑆 = 0 
and 𝑆̇ = 0, thereby enhancing robustness and response speed [58]. To reduce the chattering effect 
caused by disturbances and model uncertainties, the Super-Twisting Sliding Mode Control technique 
is employed [59], [60]. The corresponding control law is given by: 

 𝑉cmd = −𝐾0S|𝑆| sign(𝑆) − 𝐾'V sign
(

5
(𝑆) 𝑑𝜏 (19) 

This technique enables more accurate and extensive control, high reference tracking accuracy and 
robustness against external disturbances of the BLDC motor load torque. 

4. Results and Discussion 
This section is dedicated to presenting the simulation results obtained using the Matlab/Simulink 

environment, based on the two controllers employed in this study. The first is an artificial neural 
network controller, while the second is based on the Super-Twisting sliding mode control technique. 
The objective is to evaluate the performance of each controller and compare them in terms of stability, 
response speed, tracking accuracy, and resistance to load torque disturbances. The two scenarios speed 
tracking and robustness against disturbances enable an effective assessment of each control strategy 
under various operating conditions, while also highlighting their respective strengths and limitations. 
A detailed analysis was carried out to better understand the dynamic behaviors observed, taking into 
account the sophisticated characteristics specific to each controller. In conclusion, a comparative 
evaluation grid was developed based on criteria such as tracking performance, response time, and 
adaptability to external disturbances, with the aim of identifying the most efficient and suitable 
solution for the intended control objectives. Table 1 summarizes the various parameters used in this 
study and during the simulations. 
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Table 1.  Parameters used in the different simulation scenarios 

Designation Value 
VDC 300 V 
R 1.5 Ω 
L 0.0115 H 
M 0.005 H 
Kt 0.0603 
Ke 0.0603 
J 0.001 Kg.m2 
B 0.002 N.m 

4.1. First scenario: tracking performances 

The evaluation of the results is carried out through two scenarios: tracking performance and 
controller robustness. This section is dedicated to comparing the first scenario between the Artificial 
Neural Network controller and the Super-Twisting Sliding Mode Controller. Fig. 7 illustrates the 
motor speed response for both controllers: the blue curve corresponds to the ANN, while the red curve 
represents the STSMC. The ANN controller reaches the desired speed after 0.25 s with no overshoot, 
whereas the STSMC reaches the setpoint in 0.17 s with a slight overshoot. Regarding the tracking 
error, the difference between the reference speed and the measured speed, it vanishes after 0.25 s for 
the ANN and 0.17 s for the STSMC, as shown in Fig. 8.  

 
Fig. 7. The motor speed response to a constant speed reference. 

 
Fig. 8. Speed tracking error with constant reference speed. 
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Fig. 9 presents the output voltage of the controllers. For the ANN, the voltage saturates at 40 V 
to supply the BLDC motor and reach 1000 rpm. In contrast, the output of the STSMC shows frequency 
variations around 1.53 kHz, oscillating between 0 V and 50 V. To evaluate the ability to follow a 
variable reference, Fig. 10 shows the motor response to a speed change from 800 rpm to 1000 rpm. 
The response time after this variation is 0.35 s for the ANN with 2% ripple, compared to 0.05 s for 
the STSMC with only 0.5% ripple. Fig. 11 illustrates the tracking error after the speed variation. It 
vanishes after 0.2 s for the ANN and 0.07 s for the STSMC, with the same peak error amplitude of 
approximately 200 rpm for both controllers. Fig. 12 shows the controller output voltage during the 
speed change: 42 V for the ANN, and a constant 50 V with no variation for the STSMC. All these 
tracking performance measurements were carried out under a fixed load torque of 1N.m, as shown in 
Fig. 13. 

 
Fig. 9. Controllers output voltage with constant speed reference. 

 
Fig. 10. Motor speed variation during change in reference speed with load condition fixe. 

4.2. Second scenario: robustness performances 

Regarding the second scenario, it aims to assess the robustness of both controllers in the face of 
load torque disturbances. Fig. 14 shows the motor speed response during a sudden change in load 
torque. For the ANN controller, recovery after the disturbance occurs within 0.42 s, with a peak ripple 
of approximately 200 rpm, representing 20% of the reference value. In comparison, the STSMC 
controller stabilizes in just 0.15 s, with a reduced ripple of 50 rpm, or 5%, demonstrating superior 
dynamic stability. Regarding the tracking error, it quickly vanishes after the disturbance, as illustrated 
in Fig. 15 confirming both controllers' ability to restore the setpoint. Fig. 16 displays the controller 
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output voltages during the application of a variable torque load. For the ANN, the voltage ranges from 
40 V to 45 V, whereas the STSMC output oscillates between 0 V and 65 V, then stabilizes at 65 V 
precisely at the moment of the torque variation. This robustness test was carried out under a load 
torque variation from 1 N.m to 2 N.m, as shown in Fig. 17. 

 
Fig. 11. Speed tracking error with variable reference speed. 

 
Fig. 12. Controllers output voltage with variable speed reference. 

 
Fig. 13. Load condition applied to the motor. 
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Fig. 14. Motor speed response to load torque variation. 

 
Fig. 15. The speed error during change in load torque. 

 
Fig. 16. The controller output voltage during change in the load torque. 
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Fig. 17. Increasing load condition applied to the motor 

4.3. Figures and Tables 

As a summary of this study and the simulation results obtained, it can be concluded that both 
controllers demonstrate noteworthy performance, each with its own specific advantages. The ANN 
controller shows promising results thanks to training based on data from an optimized PID controller, 
allowing for accurate speed tracking. However, its performance remains sensitive to the quality of the 
training data, and it has limitations when dealing with load torque disturbances. Additionally, the 
execution time of the algorithms depends heavily on the performance of the processors and hardware 
used. On the other hand, the STSMC controller exhibits very strong results in terms of reaction speed, 
response accuracy, and robustness against load disturbances. Nonetheless, it is important to 
acknowledge that tuning the controller parameters optimally can be a challenging task, which may 
affect its overall performance. The comparative results, in terms of response time, response ripple, 
and disturbance recovery time, as well as the two main evaluation criteria: speed tracking and 
robustness, are summarized in Table 2. 

Table 2.  Summary of comparison results 

Controller Response 
Time 

Disturbance 
Recovery Time 

Ripple During 
Torque 

Disturbance 

Speed Tracking 
Performance 

 
Robustness 

ANN 0.25s 0.42s 15% High High 
STSMC 0.17s 0.15s 20% High Excellent 

5. Conclusion 
This study proposed a comparative analysis between a controller based on an artificial neural 

network, trained from an optimized PID, and a super-twisted sliding mode controller applied to the 
speed control of a BLDC motor. Simulation results showed that STSMC offers greater robustness 
against disturbances and load variations, while ANN provides satisfactory dynamic response with 
relatively low implementation complexity. This complementarity suggests that the choice of the most 
appropriate controller depends on the operating conditions: the STSMC is more suitable for highly 
disturbed environments, and the ANN is suitable for applications requiring fast response and a simple 
control structure. Beyond these results, this study highlights the importance of optimizing the 
parameters of both controllers using the Grey Wolf Optimizer algorithm, which ensured a fair 
comparison and significantly improved their respective performances. However, certain limitations 
must be acknowledged. First, the validations were carried out solely by simulation, without practical 
experimentation on a test bench, which limits the scope of the conclusions in terms of real 
applicability. Second, the ANN used remains relatively simple in architecture and is trained offline 
using PID data, without explicitly taking into account parametric uncertainties or measurement noise. 



2374 
International Journal of Robotics and Control Systems 

ISSN 2775-2658 
Vol. 5, No. 4, 2025, pp. 2360-2378 

 

 

Anwar Hasni (Optimized Speed Regulation of BLDC Motors: A Comparative Performance Study of Artificial Neural 
Networks and Super-Twisting Sliding Mode Controllers) 

 

As such, its “adaptive” nature must be qualified, since it is a static predictive model rather than an 
online learning model. These findings nevertheless open up concrete research prospects that are 
consistent with the results obtained. These include extending this methodology to more advanced or 
hybrid ANN architectures (ANN–STSMC) in order to combine robustness and intelligence, the 
integration of reinforcement learning techniques to enable adaptive real-time adjustment, and 
experimental validation on a hardware platform to assess the practical constraints related to 
computational load, sensor limitations, and real-time stability. These future developments build 
directly on the foundations laid by this work and will enable progress towards more reliable control 
strategies that are better suited to industrial applications. 
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Nomenclatures: 

𝑣! , 𝑣" , 𝑣# 	- Phase voltages (V) 
𝑅 - Phase resistance (Ω) 
𝐿 - Self-inductance (H) 
𝑖! , 𝑖" , 𝑖# - Phase currents(A) 
𝑒! , 𝑒" , 𝑒# -  Phase back-EMFs (V) 
𝑇$ - Electromagnetic torque (Nm) 
Ω - Angular speed (rad/s) 
𝑃 -  Number of pole pairs 
𝐾( - Torque constant (Nm/A) 
𝜓 - Maximum permanent magnet flux linkage (Wb) 
𝜃 -  Rotor position (electrical rad) 
𝑇) - Load torque (Nm) 
𝐽  -  Moment of inertia (kg·m²) 
𝐵  - Viscous friction coefficient (N·m·s) 
𝑈*# - DC bus voltage (V) 
𝑟!  = 2𝑅  - Equivalent line resistance (Ω) 
𝐿! = 2(𝐿 −𝑀) - Equivalent line inductance (H) 
𝐾$  - Back-EMF constant (V.s/rad) 
𝑖  - Line current (A) 
Ω  - Angular speed (rad/s) 
Φ1 - represents the input to the network 

𝑤+1
(0) , 𝑏+

(0) - are the weights and biases of the hidden layer 
𝑔(𝑥) - is the activation function. 
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