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Abstract: This paper proposes an intelligent method for 

adaptive Neuro-PWM speed control of a mobile robot in a 
constrained workspace, integrating a speed error model, an adaptive 
neural network controller, PWM signal generation, and a dynamic 
model of the DC drive. Numerical simulations performed under 

varying reference speeds, external loads, and obstacle distances 
confirmed the effectiveness of the proposed method, demonstrating 
adaptive PWM signal correction and stabilization of the neural 
network weights, thereby providing a basis for its practical 
implementation in mobile robot control systems. 
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I. INTRODUCTION 

The rapid development of autonomous mobile robots 

necessitates improved accuracy and adaptability in motion 

control, particularly in constrained workspaces, where 

variations in speed and delayed braking may lead to 

collisions with obstacles or deviations from the allowable 

trajectory. Conventional PWM-based control methods for 
DC motors do not always provide the required control 

performance under conditions of drive nonlinearity, varying 

loads, and dynamically changing environments, which 

motivates the application of intelligent adaptive approaches. 

The use of a neural network controller for adaptive PWM 

signal generation makes it possible to account for the current 

speed error, its rate of change, and the distance to obstacles 

or workspace boundaries, thereby enabling real-time 

adjustment of the mobile robot motion mode. Therefore, the 

development of an Intelligent Method of Adaptive Neuro-

PWM Speed Control for a Mobile Robot in a Constrained 
Workspace is a relevant research task aimed at improving the 

accuracy, adaptability, and safety of mobile robotic platform 

control. 

II. DEVELOPMENT OF AN INTELLIGENT METHOD 

FOR ADAPTIVE NEURO-PWM SPEED CONTROL OF 

A MOBILE ROBO 

To ensure adaptive speed control of a mobile robot 

operating in a constrained workspace, an intelligent Neuro-

PWM method is proposed, in which the control action is 
generated based on the current motion state and neural 

network-based correction of the drive PWM signal. Since the 

primary performance criterion of such control is the system’s 

ability to maintain the reference speed under varying motion 

modes and load conditions, the initial stage of the proposed 

method involves determining the deviation of the actual 

speed from the reference value, which is described by the 

mobile robot speed error model. 

 

𝑒𝑣(𝑡) = 𝑣𝑟𝑒𝑓(𝑡) − 𝑣(𝑡) (1) 

 
To account for the dynamics of the error variation: 

 

𝑒̇𝑣(𝑡) =
𝑑𝑒𝑣(𝑡)

𝑑𝑡
 (2) 

 

where:: 𝑣𝑟𝑒𝑓(𝑡) - reference linear velocity of the robot, 

[m/s]; 𝑣(𝑡) - actual velocity, [m/s]; 𝑒𝑣(𝑡) - speed error, [m/s]; 

𝑒̇𝑣(𝑡) - rate of change of the speed error, [m/s²]; 𝑡 - time, [s]. 

Model 2 makes it possible to determine the current 

deviation of the mobile robot’s actual speed from the 

reference speed, while 𝑒𝑣(𝑡) and . 𝑒̇𝑣(𝑡) is used as the 

primary input to the adaptive neural network controller. 
The adaptive Neuro-PWM controller model is expressed 

as follows, where the neural network output determines the 

required correction of the control signal: 

 

𝑢𝑁𝑁(𝑡) = 𝑓𝑁𝑁 (𝑒𝑣(𝑡), 𝑒̇𝑣(𝑡), 𝑑(𝑡), 𝑾(𝑡)) (3) 

 

In a simplified form, for a single hidden layer: 

 

𝑢𝑁𝑁(𝑡) = ∑ 𝑤𝑗
(2)

𝜑 (∑ 𝑤𝑗𝑖
(1)

𝑥𝑖(𝑡) + 𝑏𝑗

3

𝑖=1

)

𝑁

𝑗=1

 (4) 

 

where:: 𝑢𝑁𝑁(𝑡) - neural network controller output; 𝑑(𝑡) 

- distance to the obstacle or workspace boundary, [m]; 𝑾(𝑡) 

- set of adaptive neural network weights; 𝑤𝑗𝑖
(1)

 - input-layer 

weights; 𝑤𝑗
(2)

 - output-layer weights; 𝑏𝑗 - neuron bias;; 𝜑(∙) 

- activation function; 𝑁 - number of neurons in the hidden 

layer;. 

Models 3–4 determine the correction of the control action 
based on the speed error, its rate of change, and the distance 

to the workspace boundary/obstacle. They provide the 

“Neuro” component of the proposed Neuro-PWM method. 

The use of a neural compensator for unknown or nonlinear 

DC drive dynamics is a well-established approach in 

adaptive control.. 

The adaptive PWM signal generation model allows the 

neural network output to be converted into the PWM duty 

cycle: 

 

𝐷(𝑡) = 𝑠𝑎𝑡[𝐷0 + 𝐾𝑒𝑒𝑣(𝑡) + 𝐾𝑒̇ 𝑒̇𝑣(𝑡)
+ 𝐾𝑁𝑁𝑢𝑁𝑁(𝑡), 𝐷𝑚𝑖𝑛 , 𝐷𝑚𝑎𝑥] 

(5) 

 

and the average voltage across the DC motor: 
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𝑈𝑚(𝑡) = 𝐷(𝑡)𝑈𝑠 , 0 ≤ 𝐷(𝑡) ≤ 1 (6) 

 

where:: 𝐷(𝑡) - PWM duty cycle; 𝐷0 - baseline PWM 

value; 𝐷𝑚𝑖𝑛 , 𝐷𝑚𝑎𝑥 - minimum and maximum allowable 

values;; 𝐾𝑒 - speed error gain; 𝐾𝑒̇ - rate-of-change-of-error 

gain; 𝐾𝑁𝑁 - neural network correction scaling factor; 𝑈𝑠 - 

supply voltage, [V]; 𝑈𝑚(𝑡) - equivalent average motor 

voltage, [V]. 

Neuro-PWM Models 5–6 convert the output of the neural 

network controller into the physical PWM signal applied to 

the motor driver and incorporate a saturation (sat) constraint, 

which prevents the generation of PWM values outside the 

allowable range. 

The dynamic model of the mobile robot’s DC drive 
describes the response of the mobile platform to changes in 

the PWM signal and enables the simulation of acceleration, 

braking, and the effects of external load.. 

 

𝜏𝑣

𝑑𝑣(𝑡)

𝑑𝑡
+ 𝑣(𝑡) = 𝐾𝑣𝑈𝑚(𝑡) − 𝐹𝐿(𝑡) (7) 

 

Alternatively, after substituting Equation (6), the model 

can be expressed as follows:: 

 
𝑑𝑣(𝑡)

𝑑𝑡
=

1

𝜏𝑣

[𝐾𝑣𝑈𝑠𝐷(𝑡) − 𝑣(𝑡) − 𝐹𝐿(𝑡)] (8) 

 

where:: 𝜏𝑣 - drive time constant; [s]; 𝐾𝑣 - voltage-to-

speed gain; 𝐹𝐿(𝑡) - generalized effect of load and motion 

resistance; 𝑣(𝑡) - actual robot velocity; 𝑈𝑚(𝑡) - average 

motor control voltage. 

III. NUMERICAL MODELING AND ANALYSIS OF THE 

OBTAINED RESULTS 

The purpose of the numerical simulation is to verify the 

operability and adequacy of the developed intelligent method 

for adaptive Neuro-PWM speed control of a mobile robot 

under varying reference speed, external load, and 

approaching the boundaries of a constrained workspace. The 
expected simulation outcome is stable tracking of the 

reference speed, adaptive correction of the PWM signal, and 

reduction of the control error compared with a conventional 

PWM controller, evaluated using the RMSE, MAE, 

maximum absolute error, and IAE metrics. The simulation is 

performed over a period of 40s with an integration time step 

of 0.01s, a DC drive supply voltage of 12 V, a drive time 

constant of 0.65s, and a gain coefficient of  𝐾𝑣 = 0,085, 

controller gains; 𝐾𝑒 = 0,75, 𝐾𝑒̇ = 0,06 and the neural 

network correction gain; 𝐾𝑁𝑁 = 0,18. To investigate the 

adaptive properties of the proposed method, a neural network 

with a 3–6–1 architecture and a learning rate of is used. 𝜂 =
0,15, while the reference speed, external load, and distance 

to the obstacle are varied throughout the experiment to 

reproduce different operating conditions of the mobile robot. 

The simulation results are presented in Figures 1–6. 

 

 
Figure 1. – Mobile Robot Speed Control 

 
The results presented in Figure 1 demonstrate that 

Adaptive Neuro-PWM provides stable tracking of the 

varying reference speed within the approximate range of 

0.13–0.90 m/s, with an automatic reduction in the actual 

speed as the robot approaches the workspace boundary. A 

comparison of the Adaptive Neuro-PWM and Conventional 

PWM curves shows similar dynamic behavior, while the 

neural network controller provides additional adaptive speed 

correction during transient operating conditions and load 

variations.. 

 

 
Figure 2. – Speed Control Error 

 
The Speed Control Error graph presented in Figure 2 

shows that the largest short-term speed errors occur during 

step changes in the reference speed, reaching approximately 

0.50–0.52 m/s, after which the system transitions to a new 

steady-state operating mode. During the intervals between 

transient processes, the error stabilizes at approximately 

0.08–0.37 m/s, depending on the reference speed, external 

load, and workspace constraints, while the curves of the two 

controllers remain close to each other.. 

 

 
Figure 2. – PWM Control Signal 

 

The results presented in Figure 3 demonstrate an adaptive 

variation of the PWM duty cycle from approximately 5% to 

70%, with the highest values occurring during a sharp 

increase in the reference speed and changes in the load 

conditions. After the transient processes, the PWM duty 

cycle stabilizes within approximately 35–60%, while its 
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reduction to 10–20% under speed-limiting conditions 

confirms the response of the control system to changing 

motion conditions. 

 

 
Figure 4. – Adaptive Neural Controller Output 

 

Figure 4 shows that the output of the adaptive neural 

network controller 𝑢𝑁𝑁 varies from approximately 0 to 0.16, 

responding to changes in the speed error, its derivative, and 

the robot’s motion conditions. The gradual increase in the 
neural correction to a maximum value of approximately 0.16 

at 32s, followed by its stabilization at approximately 0.045, 

demonstrates the adaptation of the neural network 

component to varying operating conditions of the system.. 

 

 
Figure 5. – External Drive Load Disturbance 

 

The results presented in Figure 5 show a stepwise 

variation in the equivalent external load from 0 to 0.22, with 

the largest disturbance 𝐹𝐿 ≈ 0,22 occurs approximately 

within the interval of 15–23s, while the second significant 

disturbance 𝐹𝐿 ≈ 0,18 - occurs within the interval of 30–35s. 

Despite these load variations, the system continues to 

generate the control PWM signal and maintain stable speed 

dynamics, confirming the operability of the proposed 

method under external disturbances.. 

 

 
Figure 6. – Online Adaptation of Neural Network 

Weights 

 

Figure 6 shows the online adaptation process of the six 

neural network weights 𝑊1 − 𝑊6: Over the 40s simulation 

period, some of the neural network weights increase to 

approximately 0.22, 0.17, and 0.06, while others decrease to 

negative values of approximately −0.19 and −0.29. The 

gradual variation of the weights without pronounced high-

frequency oscillations and their convergence to nearly 

constant values by the end of the simulation indicate 

stabilization of the online adaptation process of the neural 

network controller. 

IV. CONCLUSION 

The study developed an intelligent method for adaptive 

Neuro-PWM speed control of a mobile robot in a constrained 

workspace, which takes into account the current speed error, 

its rate of change, and the distance to an obstacle to generate 

an adaptive correction of the DC drive PWM signal. The 

numerical simulation demonstrated the operability of the 

proposed method under varying reference speed and external 
load conditions: the PWM duty cycle adaptively varied from 

approximately 5% to 70%, while the neural network 

component provided correction of the control action 

according to the current motion mode of the robot. The 

simulation results also demonstrated the system’s robustness 

to stepwise variations in the external load within the range of 

0 to 0.22 and stabilization of the online adaptation process of 

the neural network weights without pronounced high-

frequency oscillations, confirming the adaptive properties of 

the developed controller. The obtained results provide a basis 

for the further practical implementation of Adaptive Neuro-
PWM on a mobile robotic platform and experimental 

validation of the proposed method in a real constrained 

workspace. 

REFERENCES 

[1] Park, H. P., & Kim, M. (2026). PWM Technique of 

Synchronous Phase-Shift Full-Bridge Converter for EV 

Charging Applications. IEEE Access. 
https://doi.org/10.1109/ACCESS.2026.3698458 

[2] Xu, Y., Wang, Z., Huang, W., Liu, P., Wei, Q., & Li, Y. 

R. (2026). A PWM-CSC-Based MTDC Transmission 

System Enabled by Bidirectional Switches. IEEE Journal 

of Emerging and Selected Topics in Power Electronics. 

https://doi.org/10.1109/JESTPE.2026.3733852 

[3] Shen, Z., Zhang, X., Liu, X., Jiang, Y., Martins, R. P., & 

Mak, P. I. (2026, May). A Fast-Transient Buck Converter 

with Oversampled Multi-Phase-Ramp PWM Control. In 

2026 IEEE International Symposium on Circuits and 

Systems (ISCAS) (pp. 2109-2112). IEEE. 
https://doi.org/10.1109/ISCAS66217.2026.11562716 

[4] Jeong, Y., Choi, D., Kim, T., Baek, J., & Moon, G. W. 

(2026, May). Zero Voltage Switching Technique Using 

Synchronous Rectifier Control of PWM LLC Resonant 

Converter for Light Load Efficiency. In 2026 

International Power Electronics Conference (IPEC-

Nagasaki 2026-ECCE Asia) (pp. 1-8). IEEE. 

https://doi.org/10.23919/IPEC-Nagasaki2026-

EC64663.2026.11596680 

[5] Heo, J. I., & Kim, J. W. (2026). LLC Converter Using 

Phase-Shifted Partial Power Processing Circuit for On-

Board Electric Vehicle Charger. Journal of Electrical 
Engineering & Technology, 21(4), 3641-3657. 

https://doi.org/10.1007/s42835-026-02636-9 

https://doi.org/10.1109/ACCESS.2026.3698458
https://doi.org/10.1109/JESTPE.2026.3733852
https://doi.org/10.1109/ISCAS66217.2026.11562716
https://doi.org/10.23919/IPEC-Nagasaki2026-EC64663.2026.11596680
https://doi.org/10.23919/IPEC-Nagasaki2026-EC64663.2026.11596680
https://doi.org/10.1007/s42835-026-02636-9


16 

M&MS 2026, 22-23 October, Kharkiv, Ukraine 

 

 

[6] Nevliudov, I., Yevsieiev, V., Maksymova, S., 

Pashchenko, O., & Kosenko, V. (2026). Development of 

a model for synchronizing the operation of collaborative 

robotic manipulators in HRC scenarios. INNOVATIVE 

TECHNOLOGIES AND SCIENTIFIC SOLUTIONS 

FOR INDUSTRIES, (2(36), 214–226. 

https://doi.org/10.30837/2522-9818.2026.2.214 

[7] Nevliudov, I., Yevsieiev, V., Maksymova, S., 
Gopejenko, V., & Kosenko, V. DEVELOPMENT OF 

MATHEMATICAL SUPPORT FOR ADAPTIVE 

CONTROL FOR THE INTELLIGENT GRIPPER OF 

THE COLLABORATIVE ROBOT MANIPULATOR. 

Advanced Information Systems. 2025 9(3), P. 57–65. 

DOI: https://doi.org/10.20998/2522-9052.2025 

[8] Amer Abu-Jassar, Hassan Al-Sukhni, Yasser Al-Sharo, 

Svitlana Maksymova, Vladyslav Yevsieiev, Vyacheslav 

Lyashenko, Building a Route for a Mobile Robot Based 

on the BRRT and A*(H-BRRT) Algorithms for the 

Effective Development of Technological Innovations. 

International Journal of Engineering Trends and 
Technology. 2024. Vol. 72, no. 11, P. 294-306, DOI: 

https://doi.org/10.14445/22315381/IJETT-V72I11P129. 

[9] Oyuela-Ocampo, J. C., Garces-Ruiz, A., Sanchez-

Acevedo, S., Ljøkelsøy, K., & D’Arco, S. (2025). 

Continuous control-set model-predictive control with 

stability guarantee for the PWM-VSC. Control 

Engineering Practice, 157, 106246. 

https://doi.org/10.1016/j.conengprac.2025.106246 

[10] Nevliudov, I., Omarov, M., Yevsieiev, V, Maksymova, 

S., & Jabrayilzade, E. MATHEMATICAL MODELING 

OF TRAJECTORIES CONSTRUCTION, 
MOVEMENT OF THE GRIPPING DEVICE OF A 

COLLABORATIVE ROBOT. Advanced Information 

Systems. 2026. 10(1), P. 11–20. DOI: 

https://doi.org/10.20998/2522-9052.2026.1.02. 

[11] Qamar, H., Qamar, H., & Ayyanar, R. (2025). Soft-

Switched DC–DC Converter With 240CPWM in DC–

AC Inverter for Highly Efficient EV/HEV Powertrains. 

IEEE Journal of Emerging and Selected Topics in Power 

Electronics, 14(1), 400-410. 

https://doi.org/10.1109/JESTPE.2025.3579048 

[12] Amoura, N., Rahoui, A., Boukais, B., Mesbah, K., 
Saim, A., & Houari, A. (2025). Robust Sensorless 

Predictive Power Control of PWM Converters Using 

Adaptive Neural Network-Based Virtual Flux 

Estimation. Electronics, 14(18), 3620. 

https://doi.org/10.3390/electronics14183620 

[13] YEVSIEIEV, V., & GURIN, D. (2026). Development 

of a model for constructing the optimal trajectory of the 

gripping device of a collaborative robot-manipulator 

taking into account the influence of the cargo mass and 

energy consumption. Open Information and Computer 

Integrated Technologies, 0(107), 224-240. 

https://doi.org/10.32620/oikit.2026.107.15 
[14] Industry 5.0 та колаборативна робототехніка: 

динамічний опис навколишнього середовища 

роботів-маніпуляторів з використанням мови Python: 

монографія / І. Ш. Невлюдов, В. В. Євсєєв, C. C. 

Максимова. – Харків : Видавництво Іванченка І. С., 

2026. – 279 с. https://doi.org/10.30837/978-617-8332-

95-2 

[15] Model with Neural Network Component for Adaptive 

Manipulator Control under Variable Load / Amer Abu-

Jassar, Mohammad Hamdan, Nowfal Aweisi, Mahmoud 

Howaidi, V. Yevsieiev, V. Lyashenko // International 
Journal of Intelligent Engineering and Systems. –19(1). 

– 2026. – P. 855-868. 

https://doi.org/10.32403/10.22266/ijies2026.0131.51 

[16] Attar, H., Abu-Jassar, A., Hafez, M., Al-Sharo, Y. M., 

Yevsieiev, V., & Lyashenko, V. (2025, December). 

Model of Spatial Localization and Identification Objects 

in the Working Area Collaborative Robot. In 2025 Asian 

Conference on Communication and Networks 

(ASIANComNet) (pp. 1-6). IEEE. 

https://doi.org/10.1109/ASIANComNet68615.2025.115

79708 

[17] Ababneh, J., Abu-Jassar, A., Hamdan, H., Hafez, M., 
Yevsieiev, V., & Lyashenko, V. (2025, December). 

Determining the Trajectory of a Mobile Robot Using 

Chaotic Dynamical Systems. In 2025 Asian Conference 

on Communication and Networks (ASIANComNet) (pp. 

1-7). IEEE. 

https://doi.org/10.1109/ASIANComNet68615.2025.115

79639 

[18] Hamdan, M., Ababneh, J., Hafez, M., Abu-Jassar, A., 

Yevsieiev, V., & Lyashenko, V. (2025, December). 

Collaborative Manipulator Adaptive Path Planning with 

Human Presence and Comfort Zone Consideration. In 
2025 Asian Conference on Communication and 

Networks (ASIANComNet) (pp. 1-8). IEEE. 

https://doi.org/10.1109/ASIANComNet68615.2025.115

79621 

[19] Attar, H., Abu-Jassar, A., Hamdan, M., Hafez, M., 

Yevsieiev, V., & Lyashenko, V. (2025, December). 

Stochastic Model of Collaborative Robot Interaction in a 

Manufacturing Environment. In 2025 Asian Conference 

on Communication and Networks (ASIANComNet) (pp. 

1-6). IEEE. 

https://doi.org/10.1109/ASIANComNet68615.2025.115
79675 

[20] Shen, Z., Zhang, X., Liu, X., Jiang, Y., Martins, R. P., 

& Mak, P. I. (2026, May). A Fast-Transient Buck 

Converter with Oversampled Multi-Phase-Ramp PWM 

Control. In 2026 IEEE International Symposium on 

Circuits and Systems (ISCAS) (pp. 2109-2112). IEEE. 

https://doi.org/10.1109/ISCAS66217.2026.11562716 

[21] Dang, H., Du, S., & Liu, J. (2026, May). A Dual-mode 

Modulation Strategy for Integrated LLC-Buck-Boost 

Converter with High Power Efficiency. In 2026 

International Power Electronics Conference (IPEC-

Nagasaki 2026-ECCE Asia) (pp. 1-6). IEEE. 
https://doi.org/10.23919/IPEC-Nagasaki2026-

EC64663.2026.11596648 

  

https://doi.org/10.30837/2522-9818.2026.2.214
https://doi.org/10.20998/2522-9052.2025
https://doi.org/10.14445/22315381/IJETT-V72I11P129
https://doi.org/10.1016/j.conengprac.2025.106246
https://doi.org/10.20998/2522-9052.2026.1.02
https://doi.org/10.1109/JESTPE.2025.3579048
https://doi.org/10.3390/electronics14183620
https://doi.org/10.32620/oikit.2026.107.15
https://doi.org/10.30837/978-617-8332-95-2
https://doi.org/10.30837/978-617-8332-95-2
https://doi.org/10.32403/10.22266/ijies2026.0131.51
https://doi.org/10.1109/ASIANComNet68615.2025.11579708
https://doi.org/10.1109/ASIANComNet68615.2025.11579708
https://doi.org/10.1109/ASIANComNet68615.2025.11579639
https://doi.org/10.1109/ASIANComNet68615.2025.11579639
https://doi.org/10.1109/ASIANComNet68615.2025.11579621
https://doi.org/10.1109/ASIANComNet68615.2025.11579621
https://doi.org/10.1109/ASIANComNet68615.2025.11579675
https://doi.org/10.1109/ASIANComNet68615.2025.11579675
https://doi.org/10.1109/ISCAS66217.2026.11562716
https://doi.org/10.23919/IPEC-Nagasaki2026-EC64663.2026.11596648
https://doi.org/10.23919/IPEC-Nagasaki2026-EC64663.2026.11596648

