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OPTIMIZATION OF CYBER-PHYSICAL SYSTEM PARAMETERS BASED ON 

INTELLIGENT IOT SENSORS DATA 
 
The optimization of parameters of cyber-physical systems (CPS) is studied taking into account various calculations, 

physical processes, Internet of Things (IoT). 
The use of intelligent IoT sensors is crucial for collecting real-time data, which is necessary for enhancing the efficiency, 

reliability, and performance of CPS. 
Various methods of CPS parameters optimization are analyzed and categorized into model-based approaches, data-driven 

approaches, and hybrid approaches. The model-based approaches rely on mathematical models to describe CPS behavior and use 
optimization algorithms like linear programming and evolutionary algorithms to predict system responses and optimize parameters. 
But, the limitations of model-based approaches are related to complex systems with uncertain or dynamic behavior. The data-driven 
approaches are more suitable for complex cyber-physical systems. These approaches utilize machine learning and data analytics 
techniques to extract patterns from sensor data, which are then used to adjust system parameters. The hybrid approaches combine 
elements of both model-based and data-driven methods. 

The method of cyber-physical system parameters optimization based on intelligent IoT sensors data processing is 
developed with using of distributed neural network. The optimization problem is formulated with constraints for the system 
parameters. The neural network mathematical model and learning algorithm are proposed. 

The performed research shows the importance of developing optimization methods for CPS parameters based on 
intelligent IoT sensor data, considering the evolving nature of IoT technology. The integrating intelligent sensors into CPS offers 
new opportunities for optimizing system performance but also presents challenges in data management and security that should be 
addressed in future. 
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ОПТИМІЗАЦІЯ ПАРАМЕТРІВ КІБЕРФІЗИЧНОЇ СИСТЕМИ НА ОСНОВІ ДАНИХ 

ІНТЕЛЕКТУАЛЬНИХ СЕНСОРІВ IoT 
 

Оптимізація параметрів кіберфізичних систем (КФС) виконується з інтеграцією обчислень, мереж та фізичних 
процесів у структурах Інтернету речей (IoT). Використання інтелектуальних сенсорів IoT має вирішальне значення для збору 
даних у реальному часі, що необхідно для підвищення ефективності, надійності та продуктивності КФС. 

Проаналізовано різні методи оптимізації параметрів КФС, які розподілено на підходи на основі моделі, підходи на 
основі даних та гібридні підходи. Підходи на основі моделей, функціонують згідно з математичними моделями для опису 
поведінки КФС і використовують алгоритми оптимізації, такі як лінійне програмування та еволюційні алгоритми, щоб 
передбачити реакцію системи та оптимізувати параметри. Проте, обмеження підходів на основі моделей пов’язані зі 
складними системами з невизначеною або динамічною поведінкою. Підходи, керовані даними, більш ефективні для складних 
кіберфізичних систем. У цих підходах використовуються методи машинного навчання та аналізу даних для визначення 
шаблонів із даних сенсорів, які потім використовуються для налаштування параметрів системи. Гібридні підходи поєднують 
елементи методів, заснованих на моделях, і методів, керованих даними. 

За результатами проведених досліджень розроблено метод оптимізації параметрів кіберфізичної системи на основі 
обробки даних інтелектуальних сенсорів IoT з використанням розподіленої нейронної мережі. Поставлено задачу оптимізації 
з обмеженнями для параметрів системи. Запропоновано математичну модель нейронної мережі та алгоритм навчання. 

Проведене дослідження показує важливість розробки методів оптимізації для параметрів КФС на основі даних 
інтелектуальних сенсорів, враховуючи еволюцію сучасних технологій IoT. Інтеграція інтелектуальних датчиків у КФС 
пропонує нові можливості для оптимізації продуктивності системи, але також може призводити до проблем в управлінні 
даними та безпеці, які слід вирішити в майбутньому. 

Ключові слова: оптимізація, штучний інтелект, кіберфізичні системи, Інтернет речей, сенсори. 

 

Introduction 

The optimization of сyber-physical systems (CPS) parameters is crucial for enhancing their efficiency, 

reliability, and performance [1–3]. The emergence of the Internet of Things (IoT) has made the deployment of smart 

sensors crucial for gathering data for сyber-physical systems [4–6]. Let’s explore various methods of CPS 

parameters optimization based on data from intelligent IoT sensors, focusing on model-based approaches, data-

driven approaches, and hybrid approaches. 

Model-based approaches rely on mathematical models that describe the behavior of the CPS [7,8]. These 

models are used to predict the system's response to different inputs and to optimize its parameters accordingly. 

Optimization algorithms such as linear programming, nonlinear programming, and evolutionary algorithms are 

commonly used in model-based approaches. For example, in a smart grid system, a model-based approach can be 

used to optimize the flow of electricity based on demand forecasts and generation capacity, ensuring efficient and 

reliable power distribution [9]. However, model-based approaches have limitations, especially when dealing with 

complex systems with uncertain or dynamic behavior [10]. In such cases, data-driven approaches are more suitable. 
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These approaches use machine learning and data analytics techniques to extract patterns and insights from sensor 

data, which are then used to adjust the system parameters [2,11–16]. Techniques such as regression analysis, neural 

networks, and reinforcement learning are commonly employed in data-driven approaches. For instance, in a 

manufacturing CPS, sensor data from the production line can be analyzed using machine learning algorithms to 

predict equipment failures and to optimize maintenance schedules, thereby reducing downtime and improving 

productivity [17,18]. Hybrid approaches combine elements of both model-based and data-driven methods. They use 

models to provide a structured understanding of the system, while incorporating data-driven techniques to adapt to 

changes and uncertainties in the environment. Hybrid approaches aim to leverage the strengths of both methods to 

achieve more robust and adaptive optimization [19–21]. For example, in an autonomous vehicle system, a hybrid 

approach can be used to combine a physics-based model of the vehicle's dynamics with data-driven algorithms that 

learn from sensor data to optimize the vehicle's control strategies in real-time [22,23]. 

The choice of optimization method depends on several factors, including the complexity of the CPS, the 

availability and quality of sensor data, and the specific optimization objectives. Model-based approaches are well-

suited for systems with well-understood dynamics and clear mathematical formulations. Data-driven approaches are 

more appropriate for systems with complex or uncertain behavior, where traditional modeling techniques may not be 

feasible. Hybrid approaches offer a balance between the two, providing a flexible framework for optimizing CPS 

parameters in dynamic and uncertain environments. There are practical considerations in the optimization of CPS 

parameters based on IoT sensor data. These include ensuring reliability and security of sensor data, agreement, 

integration of optimization algorithms into the existing CPS infrastructure. In addition, the optimization process 

must constantly monitor and update the environment. 

Usually, the optimization of cyber-physical system parameters based on intelligent IoT sensors data is a 

complex problem that requires a combination of model-based, data-driven, and hybrid approaches. When choosing a 

method, it is necessary to take into account certain characteristics of the CFS and optimization goals. As IoT 

technology continues to evolve, the integration of intelligent sensors into CPS will provide new opportunities for 

optimizing system performance and achieving greater efficiency and reliability. However, this also brings 

challenges in terms of data management, security, and integration of IoT-enabled CPS optimization. 

Therefore, the development of methods for optimizing the parameters of cyber-physical systems based on 

the data of intelligent IoT sensors is relevant today.  

The purpose is to develop a method of cyber-physical system parameters optimization with processing of 

intelligent IoT sensors data by a distributed neural network. 

 

The Optimization Method Based on Distributed Neural Network Architecture 

Optimizing a cyber-physical system action described by the function 1 2( , , , , )Ny F x a a a=  , where x  is 

the input signal, y  is the output signal, and 1 2, , , Na a a  are the parameters of the system, can be achieved using 

an artificial neural network (ANN) trained with the gradient descent backpropagation method. The goal is to 

minimize the loss function described by the expression (1): 

 

0| |L y y= − , (1) 

 

where 0y  is the desired output signal. This process involves training the ANN to adjust its weights and 

biases so that the predicted output y  closely matches the desired output 0y  for a given input signal x .  

The optimization task is as follows: 
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where 1 2, , , NB B B  are the lower bounds and 1 2, , , NC C C  are the upper bounds of the corresponding 

system parameters with the numbers 1, 2, ..., N . 

The distributed neural network that performs the minimization of the loss function 

1 2 0| ( , , , , ) |NL F x a a a y=  −  is structured as a connection of artificial neurons which are situated in different 

intelligent IoT devices. The network aims to approximate the nonlinear function 1 2( , , , , )NF x a a a  and minimize 

the absolute difference between its output and the desired output 0y  for a given input x . The mathematical model 

of the distributed neural network involves the formulation of its architecture, the activation functions, the forward 

propagation process, and the optimization of its parameters through backpropagation and gradient descent [24,25]. 

The distributed neural network is organized as a connection of the input, hidden and output layers. In 

accordance with the IoT devices characteristics and settings, the neural network can be fully connected or partially 
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connected. The input layer receives the input signal x , which can be a vector of features. The number of neurons in 

this layer corresponds to the dimensionality of the input. The hidden layers perform the bulk of the computations in 

the network. They are responsible for capturing the nonlinear relationships. The quantity of hidden layers and the 

number of neurons within each layer are adjustable hyperparameters, tailored according to the function's complexity

1 2( , , , , )NF x a a a  behaviour. The output layer produces the final output, which is the network's approximation of 

1 2( , , , , )NF x a a a . For the loss function L  minimization problem like, the output layer consists of a single neuron 

with multiple inputs. Neurons in the layers applies an activation function to its input. By introducing nonlinearity, 

the activation function allows the network to learn intricate relationships between inputs and outputs. The 

optimization problem (2) can be solved by neural network. 

The sigmoid activation function, often referred to as the logistic function, is employed to activate artificial 

neurons [26,27]. It is defined by the following formula: 
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where ( )f z  is the output of the sigmoid function, z  is the input to the function, typically the weighted 

sum of the inputs to the neuron with a bias term, e  is the base of the natural logarithm. 

The sigmoid function transforms any real-valued input z into a value ranging from 0 to 1. This property 

renders it valuable for binary classification endeavors, as the output can be interpreted as the likelihood of 

membership in a particular class. The function is smooth and differentiable, which is important for gradient-based 

optimization. One of the key characteristics of the sigmoid function is that it introduces non-linearity into the 

neuron's output. This non-linearity is essential for learning of complex patterns in the data.  

The process of forward propagation involves passing the input signal through the network to compute the 

output. Every neuron computes the weighted sum of its inputs, which includes the input x  and the outputs of other 

neurons, multiplied by the corresponding weights with a bias term [13,28]. Next, the neuron applies its activation 

function to the weighted sum to produce its output. 
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where a  is the output of the neuron, f  is the activation function, iw  are the weights, iu  are the inputs, and 

b  is the bias. 

To minimize the loss function, the network's parameters (weights and biases) need to be optimized. This is 

achieved through backpropagation and gradient descent [24,25]. The backpropagation algorithm is employed to 

determine the gradients of the loss function concerning the network's parameters. It involves propagating the error 

signal backward through the network, starting from the output layer and moving towards the input layer. The 

gradients are calculated through the chain rule of calculus. The gradient descent process modifies the parameters in a 

manner that minimizes the loss.  

Gradient descent is an iterative method adjusting a model's parameters to diminish the loss function, 

quantifying the variance between predicted and observed outcomes.. The method is based on the principle that if the 

multi-variable function L  is defined and possesses differentiability within a certain vicinity of a point a , then L  

decreases fastest in the direction of the negative gradient ( )L a−  at that point. 

The gradient of the loss function L  is computed as a vector ( )L   that contains the partial derivatives of 

L  concerning to each parameter in 1 2{ , ,..., }K   = : 
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where K  is the number of parameters. 

The parameters are then updated iteratively. The update rule for the parameters is given by: 

 

 1 1( )n n nL   − −= −   (6) 
 

where n  is the iteration number and   is the learning rate, a positive scalar that controls the size of the 

step. This cycle of calculating the gradient and adjusting the parameters continues iteratively until a predefined 

condition is satisfied. This condition might be reaching a set number of iterations, a threshold for the change in the 

value of the loss function between iterations, or a threshold for the magnitude of the gradient.  



INTERNATIONAL SCIENTIFIC JOURNAL  ISSN 2710-0766 

«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES» 

МІЖНАРОДНИЙ НАУКОВИЙ ЖУРНАЛ  

«КОМП’ЮТЕРНІ СИСТЕМИ ТА ІНФОРМАЦІЙНІ ТЕХНОЛОГІЇ», 2024, № 2 
56 

The training process involves iteratively performing forward propagation to compute the output and the 

loss, performing backpropagation to compute the gradients, and using gradient descent to update the parameters. 

This process is repeated for a specified number of epochs or until the loss converges to a minimum value. During 

forward propagation, the input signal x  is passed through the network, and the output y  is computed. The loss 

function 0| |L y y= −  is then evaluated to quantify the error between the outputs. The gradients indicate how much 

each weight and bias contributes to the error. The weights and biases are computed by the expressions (7) and (8): 
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where nw  and nb  are the updated weights and biases, 1nw −  and 1nb −  are the current weights and biases,   is the 

learning rate, and 
L

w
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L
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 are the gradients of the loss function of weights and displacements, respectively, 

respectively. This process of forward propagation, loss evaluation, backpropagation, and weight and bias updates is 

iterated for multiple epochs or until the loss converges to a minimum value. The learning rate   is a critical 

hyperparameter that controls the step size of the updates and can affect the convergence and stability of the training 

process. 

After training, the optimized weights and biases of the neural network represent the parameters 

1 2, , , Na a a  of the nonlinear system that minimize the loss function. A neural network can predict the result y  for 

new input signals x , aiming to achieve outputs that closely match the desired values 0y . 

The main advantage of the proposed optimization of cyber-physical system parameters is that the intelligent 

IoT sensors form the distributed neural network, which is flexible and reliable because the data analysis operation is 

performed by (7) and (8) mappings at all devices uniformly. Thus, each IoT device makes its proportional 

contribution to the overall cyber-physical operation with impact on all parameters 1 2, , , Na a a . When a device is 

disconnected or failed, then the system operation continues without that device and does not change significantly. 

The computational burden is proportional to the overall number of neurons in the network and distributed between 

different IoT devices without excessive concentration at the server side. 

 

Results & Discussion 

The optimization of cyber-physical system (CPS) parameters using distributed neural networks is 

characterized by high efficiency, reliability, and performance. Advanced learning capabilities allow the network to 

accurately model complex patterns and relationships in data. Additionally, the scalability of distributed neural 

networks allows them to handle large-scale systems and vast amounts of data generated by IoT devices, making 

them suitable for extensive CPS. The distributed nature of these networks also provides fault tolerance, ensuring 

system reliability even if one node fails. Furthermore, they offer real-time processing capabilities, allowing for 

dynamic optimization of CPS parameters in response to changing conditions, and adaptability to new data and 

system changes over time.  

However, there are several disadvantages to consider. The complexity of designing and implementing 

distributed neural networks can be challenging due to the need for coordination among multiple nodes. 

Communication overhead is another concern, as nodes in distributed networks need to communicate with each 

other, which can introduce latency and increase bandwidth demand. Security is also a critical issue, as distributing 

data across multiple nodes creates multiple potential points of attack. The performance of neural networks heavily 

relies on the quality of input data. 

Thus, the further development of IoT technologies with cyber-physical system parameters optimization is 

required for increasing the security and computational performance in the cases of great network elements numbers. 

 

Conclusions 

In conclusion, the optimization of cyber-physical system (CPS) parameters based on intelligent Internet of 

Things (IoT) sensors data is a critical area of research with significant implications for enhancing the efficiency, 

reliability, and performance of these systems. The integration of intelligent sensors into CPS offers the ability to 

collect real-time data, which is crucial for accurate modeling and optimization. 

Various methods of CPS parameters optimization, including model-based approaches, data-driven 

approaches, and hybrid approaches, each have their strengths and are suitable for different scenarios. Model-based 

approaches are effective for systems with well-understood dynamics, while data-driven approaches are more 

suitable for complex systems with uncertain behavior. Hybrid approaches provide a balance between the two, 
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leveraging the strengths of both methods to achieve robust and adaptive optimization. 

The proposed method of cyber-physical system parameters optimization allows to increase the flexibility 

and reliability of IoT technologies with performing the data analysis operations by the same mappings at all devices 

uniformly. The use of distributed neural networks for optimization presents several advantages, such as enhanced 

learning capabilities, scalability, fault tolerance, real-time processing, and adaptability. However, it also introduces 

challenges related to complexity, communication overhead, security, data quality, and resource requirements. These 

factors must be carefully considered when implementing distributed neural networks in CPS optimization. 

As IoT technology continues to evolve, the integration of intelligent sensors into CPS will provide new 

opportunities for optimizing system performance. However, this also brings challenges in terms of data 

management, security, and integration. Overall, the development of effective optimization methods for CPS 

parameters based on intelligent IoT sensors data is essential for advancing the capabilities and applications of cyber-

physical systems in various domains. 

 

References 
1. P. H. J. Nardelli. Cyber-physical systems theory, methodology, and applications. Nov. 27, 2023. [Online]. Available: 

https://www.perlego.com/book/3483672/cyberphysical-systems-theory-methodology-and-applications-pdf 

2. G. Dartmann, H. Song, and A. Schmeink. Big data analytics for cyber-physical systems: Machine learning for the internet of 

things. Big Data Analytics for Cyber-Physical Systems: Machine Learning for the Internet of Things, pp. 1–396, Jan. 2019, doi: 10.1016/C2018-

0-00208-X. 

3. Y. Kuroe, H. Nakanishi, and S. Kanata A Sensitivity Analysis Method for a Class of Cyber-Physical Systems and Its Application 

to Parameter Optimization. IEEE Transactions on Circuits and Systems I: Regular Papers, vol. 70, no. 11, pp. 4581–4594, Nov. 2023, doi: 
10.1109/TCSI.2023.3308091. 

4. D. Singh, Internet of Things. Factories of the Future: Technological Advancements in the Manufacturing Industry. pp. 195–228, 
Jan. 2023, doi: 10.1002/9781119865216.CH9. 

5. S. Villamil, C. Hernández, and G. Tarazona. An overview of internet of things. Telkomnika (Telecommunication Computing 

Electronics and Control). vol. 18, no. 5, pp. 2320–2327, Oct. 2020, doi: 10.12928/TELKOMNIKA.V18I5.15911. 
6. F. Oliveira, D. G. Costa, F. Assis, and I. Silva. Internet of Intelligent Things: A convergence of embedded systems, edge 

computing and machine learning, Internet of Things. vol. 26, pp. 2542–6605, 2024, doi: 10.1016/j.iot.2024.101153. 

7. A. Moin, M. Challenger, A. Badii, and S. Günnemann. A model-driven approach to machine learning and software modeling for 
the IoT: Generating full source code for smart Internet of Things (IoT) services and cyber-physical systems (CPS). Softw Syst Model, vol. 21, no. 

3, pp. 987–1014, Jun. 2022, doi: 10.1007/S10270-021-00967-X. 

8. A. Jafarian, S. Measoomy, and S. Abbasbandy. Artificial neural networks based modeling for solving Volterra integral equations 
system. Applied Soft Computing Journal, vol. 27, pp. 391–398, 2015, doi: 10.1016/j.asoc.2014.10.036. 

9. H. Farhangi. Smart Grid, in Encyclopedia of Sustainable Technologies, 2017, pp. 195–203. doi: 10.1016/B978-0-12-409548-

9.10135-6. 
10. A. Fotiadis, I. Vlachos, and D. Kugiumtzis. Detecting Nonlinear Interactions in Complex Systems: Application in Financial 

Markets. Entropy 2023, Vol. 25, Page 370, vol. 25, no. 2, p. 370, Feb. 2023, doi: 10.3390/E25020370. 

11. A. Gordon. Internet of things-based real-time production logistics, big data-driven decision-making processes, and industrial 

artificial intelligence in sustainable cyber-physical manufacturing systems. Journal of Self-Governance and Management Economics, vol. 9, no. 

3, pp. 61–73, 2021, doi: 10.22381/JSME9320215. 

12. C. Pavithra, R. Rithan, R. Rohith, M. Santhosh, M. Vijayadharshini, and R. Lokith. Three Dimensional Solar Tracking Using 
Machine Learning, in 2023 9th International Conference on Advanced Computing and Communication Systems, ICACCS 2023, 2023. doi: 

10.1109/ICACCS57279.2023.10113091. 

13. S. Cuomo, V. S. Di Cola, F. Giampaolo, G. Rozza, M. Raissi, and F. Piccialli. Scientific Machine Learning Through Physics–
Informed Neural Networks: Where we are and What’s Next. J Sci Comput, vol. 92, no. 3, Sep. 2022, doi: 10.1007/S10915-022-01939-Z. 

14. O. Kovalchuk. A machine learning cluster model for the decision-making support in criminal justice. International scientific 

journal of Computer Systems and Information Technologies, no. 3, pp. 51–58, 2023, doi: 10.31891/csit-2023-3-6. 
15.  N. Boyko, R. Kovalchuk. Data update algorithms in the machine learning system. International scientific journal of Computer 

Systems and Information Technologies, no. 1, pp. 6–13, 2023, doi: 10.31891/csit-2023-1-1. 

16. T. Hovorushchenko, V. Kysil. Selection of the artificial intelligence component for consultative and diagnostic information 
technology for glaucoma diagnosis. International scientific journal of Computer Systems and Information Technologies, no. 4, pp. 87–90, 2023, 

doi: 10.31891/csit-2023-4-12. 

17. T. Zabiński, T. Maoczka, J. Kluska, M. Madera, and J. Sp. Condition monitoring in Industry 4.0 production systems - The idea of 
computational intelligence methods application. Procedia CIRP, vol. 79, pp. 63–67, 2019, doi: 10.1016/J.PROCIR.2019.02.012. 

18. L. Davoli, L. Belli, G. F. T. Techonologies, C. 2020. IoT-enabled Smart Monitoring and Optimization for Industry 4.0, 

tlc.unipr.it, Accessed: Mar. 30, 2024. [Online]. Available: https://www.tlc.unipr.it/ferrari/Publications/Book_chapters/BC_DaBeFe_CNIT20.pdf 
19. T. Wang et al. Hybrid Machine Learning Approach for Evapotranspiration Estimation of Fruit Tree in Agricultural Cyber-

Physical Systems. IEEE Trans Cybern, vol. 53, no. 9, pp. 5677–5691, Sep. 2023, doi: 10.1109/TCYB.2022.3164542. 

20. D. N. Fitriyanah and I. Abadi. Design of Bacterial Foraging Interval Fuzzy Logic Controller on Hybrid Solar Tracker-Ocean 
Wave Energy Converter. IPTEK The Journal of Engineering, vol. 7, no. 2, 2021, doi: 10.12962/j23378557.v7i2.a9250. 

21. A. Ramachandran, K. Gayathri, A. Alkhayyat, and R. Q. Malik. Aquila Optimization with Machine Learning-Based Anomaly 

Detection Technique in Cyber-Physical Systems. Computer Systems Science and Engineering, vol. 46, no. 2, pp. 2177–2194, 2023, doi: 
10.32604/CSSE.2023.034438. 

22. A. A. Alshdadi. Cyber-physical system with IoT-based smart vehicles. Soft comput, vol. 25, no. 18, pp. 12261–12273, Sep. 2021, 

doi: 10.1007/S00500-021-05908-W. 
23. A. D. Boursianis et al. Internet of Things (IoT) and Agricultural Unmanned Aerial Vehicles (UAVs) in smart farming: A 

comprehensive review, Internet of Things (Netherlands). vol. 18, May 2022, doi: 10.1016/J.IOT.2020.100187. 

24. W. Hao. A gradient descent method for solving a system of nonlinear equations. Appl Math Lett, vol. 112, Feb. 2021, doi: 
10.1016/J.AML.2020.106739. 

25. S. Verma, G. T. Thampi, and M. Rao. ANN based method for improving gold price forecasting accuracy through modified 

gradient descent methods. IAES International Journal of Artificial Intelligence, vol. 9, no. 1, pp. 46–57, 2020, doi: 10.11591/IJAI.V9.I1.PP46-57. 
26. G. Mourgias-Alexandris, A. Tsakyridis, N. Passalis, A. Tefas, K. Vyrsokinos, and N. Pleros. An all-optical neuron with sigmoid 

activation function. Opt Express, vol. 27, no. 7, p. 9620, Apr. 2019, doi: 10.1364/OE.27.009620. 



INTERNATIONAL SCIENTIFIC JOURNAL  ISSN 2710-0766 

«COMPUTER SYSTEMS AND INFORMATION TECHNOLOGIES» 

МІЖНАРОДНИЙ НАУКОВИЙ ЖУРНАЛ  

«КОМП’ЮТЕРНІ СИСТЕМИ ТА ІНФОРМАЦІЙНІ ТЕХНОЛОГІЇ», 2024, № 2 
58 

27. Xu, X. Li, C. Xie, H. Chen, C. Chen, and Z. Song. A high‐precision implementation of the sigmoid activation function for 

computing‐in‐memory architecture. Micromachines (Basel), vol. 12, no. 10, Oct. 2021, doi: 10.3390/MI12101183. 

28. Y. Han, G. Huang, S. Song, L. Yang, H. Wang, and Y. Wang. Dynamic Neural Networks: A Survey. IEEE Trans Pattern Anal 

Mach Intell, vol. 44, no. 11, pp. 7436–7456, Nov. 2022, doi: 10.1109/TPAMI.2021.3117837. 

 
 

 

 

Iryna ZASORNOVA 

Ірина ЗАСОРНОВА 

Associate Professor of Computer Engineering & 

Information Systems Department, Khmenlnytskyi 

National University 

https://orcid.org/0000-0001-6655-5023 

e-mail: zasornovair@khmnu.edu.ua  

Доцент кафедри комп'ютерної інженерії та 

інформаційних систем, Хмельницький 

національний університет 

Mykola FEDULA 

Микола ФЕДУЛА 

Associate Professor of Automation, Computer 

Integrated Technologies and Robotics 

Department, Khmenlnytskyi National University 

https://orcid.org/0000-0002-3765-2016  

e-mail: mailfm2000@gmail.com 

Доцент кафедри автоматизації, комп’ютерно-

інтегрованих технологій та робототехніки, 

Хмельницький національний університет 

Andrii RUDYI 

Андрій РУДИЙ 

2nd year Master's student, Faculty of Information 

Technologies,  

Khmenlnytskyi National University 

e-mail: andruha_rd@ukr.net  

Студент 2-го курсу магістратури, факультет 

інформаційних технологій, Хмельницький 

національний університет, Хмельницький, 

Україна 

 
 

  

https://orcid.org/0000-0001-6655-5023
mailto:zasornovair@
https://orcid.org/0000-0002-3765-2016
mailto:mailfm2000@gmail.com
mailto:andruha_rd@ukr.net

