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In the process of efficiently managing request flows within information systems, accounting for
the individual characteristics of servers plays a crucial role. Traditional load balancing algorithms–
such as Round Robin, Weighted Round Robin, and regional distribution methods–typically allocate
requests in a cyclic manner or based solely on predefined weight coefficients. These approaches fail to
consider real-time server load levels, response speed, or operational state. This paper proposes a novel
fuzzy logic–based model for request flow management, with particular attention given to the selection
of appropriate membership functions for the linguistic representation of server parameters. During
the fuzzification phase, the sensitivity of membership functions is quantified and optimized through
a combinational hybrid approach. Experimental results demonstrate that the proper selection of
membership functions enhances the accuracy of decision-making and reduces the degree of uncertainty.
Consequently, the proposed approach significantly improves the flexibility, precision, and stability of
request flow management in distributed server environments.

Key words: fuzzification, membership functions, sensitivity quantification, combinational
hybrid approach, server load balancing, fuzzy logic, system reliability, adaptive control, linguistic
modeling, request flow optimization, normalized sensitivity index, system.

References

1. Zadeh L. A. Fuzzy sets // Information and Control, 1965. N 8(3). P. 338–353. DOI: https:
//doi.org/10.1016/S0019-9958(65)90241-X.

2. Smith J., Doe A. A fuzzy logic analysis method for evaluating human sensitivities // Journal of
Fuzzy Systems, 2018. N 45(3). P. 123–136. DOI: https://doi.org/10.1016/j.jfuzz.2018.01.005.

3. Gures E., Shayea I., Ergen M., Azmi M.H., El-Saleh A.A. Machine Learning-Based Load
Balancing Algorithms in Future Heterogeneous Networks: A Survey // IEEE Access 2022. N 10.
P. 37689–37717.

4. Akhatov A.R., Kenjaev S. S., Tojiev M.R. Improved Round Robin Algorithm Based
on Fuzzy Logic and Genetic Algorithm for Server Load Balancing // International Russian
Automation Conference (RusAutoCon), Sochi, Russian Federation, 2025. P. 296–301. DOI:
10.1109/RusAutoCon65989.2025.11177403.

5. Raximov N., Kuvandikov J., Khasanov D. The importance of loss function in artificial intelligence
// International Conference on Information Science and Communications Technologies (ICISCT
20222), DOI: 10.1109/ICISCT55600.2022.10146883.

© S. S. Kenjaev, A.R. Akhatov, M.R. Tojiev, 2026



2 Прикладные информационные технологии
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В процессе эффективного управления потоками запросов в информационных системах учет
индивидуальных характеристик серверов играет решающую роль. Традиционные алгоритмы
балансировки нагрузки, такие как Round Robin, Weighted Round Robin, и методы региональ-
ного распределения обычно распределяют запросы циклически или на основе только пред-
определенных весовых коэффициентов. Эти подходы не учитывают уровни нагрузки серверов
в реальном времени, скорость ответа или рабочее состояние. В данной статье предлагается
новая модель управления потоками запросов на основе нечеткой логики, с особым вниманием
к выбору соответствующих функций принадлежности для лингвистического представления
параметров серверов. На этапе фаззификации чувствительность функций принадлежности
количественно оценивается и оптимизируется с помощью комбинированного гибридного под-
хода. Экспериментальные результаты показывают, что правильный выбор функций принад-
лежности повышает точность принятия решений и снижает степень неопределенности. Сле-
довательно, предложенный подход значительно повышает гибкость, точность и стабильность
управления потоками запросов в распределенных серверных средах.

Ключевые слова: фазификация, функции принадлежности, количественная оценка чув-
ствительности, комбинированный гибридный подход, балансировка нагрузки серверов, нечет-
кая логика, надежность системы, адаптивное управление, лингвистическое моделирование,
оптимизация потока запросов, нормализованный индекс чувствительности, система.

Introduction. In modern information and communication systems, the rapid increase in
the number of users, the growing complexity of computational processes, and the operation of
services in real-time mode have led to a signi�cant rise in the volume of requests directed to
servers. Under the constraints of limited computational resources, this situation has made it
increasingly challenging to ensure continuous system operation, maintain response speed, and
preserve the quality of service. Consequently, the issue of achieving e�ective load balancing has
become a critical problem in contemporary distributed computing environments [1�3].

According to statistical data, the volume of global Internet tra�c is projected to reach 175
zettabytes per year by 2025 [4]. At the same time, Gartner analytics reports indicate that poorly
balanced server infrastructures cause companies to experience an average annual economic loss
of approximately 2.5 million USD [5�7].

In most cases, information systems deliver services through multiple servers or computing
nodes. In such environments, the problem of uneven resource utilization arises, where
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Fig. 1. Growth dynamics of online request volumes during the period 2020–2023

certain servers become overloaded while others remain underutilized. Since servers di�er
in computational power, memory capacity, and network latency, achieving optimal load
distribution becomes a complex combinatorial problem [8]. This challenge becomes even more
pronounced in systems based on microservice architectures, where signi�cant variations in
request �ow direction, intensity, and priority are observed. As a result, dynamic load balancing
strategies are required to ensure e�cient and stable system performance [9�11].

According to Forrester Research analytics, between 2020 and 2023, the average number
of user requests recorded by online stores increased by more than 300 % [12]. This trend
underscores the growing necessity of implementing e�ective load balancing mechanisms that
ensure the continuous, stable, and well-balanced operation of not only network infrastructures
but also server resources (Fig. 1). Consequently, in the process of optimizing server request
�ows, researchers have increasingly moved beyond traditional deterministic approaches,
adopting arti�cial intelligence�based methods, particularly fuzzy logic models, which enable
the assessment of uncertainty and enhance �exibility in decision-making.

In information systems, the volume of load directed to servers continuously �uctuates over
time. This variability is referred to as the dynamic load imbalance problem, which directly
a�ects the overall system performance, including request processing speed, latency level, and
the e�ciency of resource utilization [13]. One of the key indicators for evaluating system
performance is the degree of load distribution among servers. This indicator is typically
measured using variance, which re�ects the extent to which individual server loads deviate
from the average load value.

The variance of load imbalance is expressed by the following formula:

𝜎2 =
1

𝑁

𝑁∑︁
𝑖=1

(𝐿𝑖 − 𝜇)2, (1)

where 𝜎2 � the variance of load imbalance in the system; L𝑖 � the current load value of the
i-th server; 𝜇 � the average load across all servers, de�ned as:

𝜇 =
1

𝑁

𝑁∑︁
𝑖=1

𝐿𝑖, (2)

where 𝑁 � the total number of servers in the network.
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Table 1
Priority levels by request types

Request type Response time requirement System significance

Emergency medical alert < 100 ms Yuqori (hayotiy)
Online payment < 200 ms Yuqori (moliyaviy)
Video upload < 500 ms O‘rta

Statistical report < 2000 ms Past

Fig. 2. Static load distribution algorithms

The smaller the variance value, the more balanced the load distribution within the system.
Conversely, an increase in variance indicates greater disproportionality in resource utilization
and a higher degree of load imbalance.

The requirements for system response time and the semantic signi�cance of user requests
vary considerably across di�erent contexts. For instance, real-time processing requests�such as
those in medical or �nancial services�demand high processing speed and minimal latency from
the system, whereas informational or analytical requests impose relatively less stringent timing
requirements. These distinctions are summarized in Table 1.

The problem of e�ciently distributing request �ows in information systems is addressed
through a variety of algorithmic approaches. These approaches are generally classi�ed into
static and dynamic types, depending on their operational principles and responsiveness to
system conditions. This classi�cation, on the one hand, de�nes how an algorithm reacts to
changes within the system, and on the other hand, determines the nature of the information it
relies on during the decision-making process.

Static request �ow distribution algorithms are typically designed based on prede�ned
conditions established before the system operation begins and rely on general information
about the servers�such as their computational capacity or number of connections (Fig. 2).
These algorithms operate according to �xed rules and do not account for variations in system
load; therefore, they yield e�ective results only under stable load conditions.

One of the most widely used classical approaches to request distribution is the Round Robin
algorithm (Fig. 3).

In this method, incoming requests are distributed sequentially and cyclically among the
available servers. The RR algorithm was originally developed in the 1960s for multi-user systems
and continues to be extensively applied in network load balancers and operating systems today.
According to Cisco (2023), more than 75 % of modern load balancing systems are based on RR
or its modi�ed versions.
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Fig. 3. Mechanism of the Round Robin algorithm

To enhance the e�ciency of request �ow management and distribution in information
systems, it is essential to conduct an in-depth analysis of system parameters, identify their
interdependencies, and employ intelligent approaches that account for uncertainty. This
paper introduces a fuzzy logic�based mechanism for managing request �ows through the
linguistic modeling of server parameters. In the proposed model, the principle of sensitivity
quanti�cation is applied during the fuzzi�cation stage to select appropriate membership
functions corresponding to server characteristics, thereby enabling the optimization of overall
system sensitivity. As a result, the system can evaluate its state in an imprecise yet semantically
consistent manner, improving the e�ectiveness of decision-making and request distribution
under uncertain conditions.

1. Methodology. Information theory provides a scienti�c foundation for the use of
mathematical modeling in evaluating system reliability, quantitatively analyzing risk levels,
and monitoring sensitivity. This approach enables the optimization of system performance
by mathematically expressing stability and risk management mechanisms. In particular, the
principles of Information Theory proposed by Claude Shannon (1948) and Warren Weaver
remains a fundamental framework for analyzing system reliability and e�ciency [14]. Their
methodology allows for the statistical evaluation of key operational parameters, such as risk
coe�cients (probabilistic indicators) and the system's response speed to failures (e. g., recovery
times), providing a quantitative basis for assessing the robustness and adaptability of complex
information systems.

In the process of distributing requests across servers using fuzzy logic based systems, the
fuzzi�cation and aggregation of membership functions play a crucial role. For such systems
to operate e�ciently, it is essential to select appropriate membership functions corresponding
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to low, medium, and high states. In fuzzy logic systems, evaluating the sensitivity of input
parameters is vital to ensure optimal system performance. During the sensitivity assessment
process, even small variations in the parameters of membership functions can signi�cantly a�ect
the system's output results. Thus, addressing this issue remains a key factor in enhancing the
e�ectiveness of fuzzy logic systems.

The sensitivity of membership functions has also been evaluated using the nonlinear
regression method [15]. The authors emphasized the high e�ciency of this approach in analyzing
sensitivity within fuzzy logic systems. The nonlinear regression technique was applied to
determine the activation levels of membership functions within the FLS structure and to
assess their sensitivity indicators, thereby contributing to an improvement in the accuracy
and adaptability of the overall model.

Furthermore, studies conducted on Adaptive Neuro-Fuzzy Inference Systems (ANFIS) have
analyzed the sensitivity and stability of such systems [16�17]. Researchers developed methods
to ensure optimal system performance by examining the sensitivity levels of input parameters.
As a result of this approach, the �exibility of the model increased, and the accuracy of output
results was signi�cantly improved.

The process of selecting membership functions has a direct impact on the dynamic
characteristics of a fuzzy logic system. This selection serves as a critical factor determining
the system's overall e�ciency, stability, and decision-making accuracy. If membership functions
are chosen incorrectly or do not correspond to the inherent characteristics of the system, it may
lead to uncertainty, misclassi�cation, and prediction errors during the decision-making process.
Consequently, the system's performance e�ciency decreases, and the stability of output results
deteriorates. Therefore, it is essential to consider the parametric sensitivity of the system and
optimally adapt the membership functions to ensure reliable and precise operation.

In this study, the proposed combinational approach�which involves applying triangular,
trapezoidal, and Gaussian membership functions according to the operational state of each
server�is aimed at ensuring the optimal sensitivity level of the system. Speci�cally, under low-
load conditions, the triangular membership function is utilized due to its simplicity and rapid
responsiveness. For medium-load conditions, the trapezoidal membership function is employed,
as it enables smooth transitions between operating states while maintaining the stability of the
system. In contrast, under high-load conditions, the Gaussian membership function is adopted
because it provides high accuracy and sensitivity, thereby reducing uncertainties within the
system. Consequently, this combinational selection strategy enhances the overall adaptability,
robustness, and precision of the fuzzy inference process.

Each membership function provides the most appropriate response to the corresponding
operational state of the system through its mathematical form and sensitivity parameters. In
this way, the combinational approach enables balanced and adaptive management of the request
�ow by considering such parameters as server load level, response time, resource utilization
coe�cient, and operational e�ciency.

The analytical stages of this combinational approach are illustrated in Fig. 4. In the �gure,
the sensitivity levels for the triangular, trapezoidal, and Gaussian functions are explicitly
de�ned, demonstrating how each function operates to ensure system e�ciency under di�erent
conditions. This diagram provides a clear conceptual understanding of how to apply the
appropriate method for selecting the optimal sensitivity level corresponding to each system
state.
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Fig. 4. Stages of combinational sensitivity analysis in the selection of membership functions

During the evaluation process of the combinational approach, various combinations of
membership functions are analyzed with the aim of enhancing the overall sensitivity of
the system, and the most e�cient con�guration is subsequently selected. Each function �
triangular, trapezoidal, and Gaussian � exhibits a distinct in�uence on the sensitivity level
based on its mathematical characteristics. Therefore, to ensure the system operates with optimal
sensitivity, it becomes essential to perform both normalization of sensitivity indicators and an
optimization procedure to achieve the most e�ective balance among these functions.

The normalized sensitivity index is one of the key indicators used to evaluate the overall
sensitivity of a system. This index allows for a comparative assessment of sensitivity levels
across di�erent system states and determines the range of their variation. For each state, both
the maximum and minimum sensitivity values are considered, which together serve as the basis
for assessing the system's overall stability and adaptability.

The mathematical representation of the normalized sensitivity index is as follows:

𝑆𝑛𝑜𝑟𝑚 =
1

3

3∑︁
𝑘=1

𝑆𝑖 − 𝑆𝑚𝑖𝑛,𝑘

𝑆𝑚𝑎𝑥,𝑘 − 𝑆𝑚𝑖𝑛,𝑘

, (3)

where 𝑆𝑘 � sensitivity level for each state; 𝑆𝑚𝑎𝑥,𝑘 �maximum sensitivity for each state; 𝑆𝑚𝑖𝑛,𝑘 �
minimum sensitivity for each state; 𝑆𝑛𝑜𝑟𝑚 � normalized sensitivity index.

This formulation implies that the normalized sensitivity index accounts for the quantitative
di�erences among the sensitivity values corresponding to each operational state of the system
and evaluates their relative proportions in a normalized manner. Such an analytical approach
enables a comprehensive assessment of the system's overall sensitivity level and provides a
foundation for its mathematical optimization.

As a result, the comparative evaluation of maximum and minimum sensitivity values
contributes to reducing systemic uncertainty, achieving a balanced sensitivity distribution, and
enhancing the overall e�ciency of adaptive control mechanisms. Hence, the S𝑛𝑜𝑟𝑚 index serves
as a fundamental quantitative criterion for the integrated evaluation of the system's sensitivity
state, ensuring the stability, robustness, and adaptability of its functional performance.

Applying the combinational approach in analyzing the sensitivity level of each membership
function enables the identi�cation of the most e�ective function for achieving optimal
performance. This approach contributes to the normalization of the system's overall sensitivity,
allowing the optimization of sensitivity in each operational state. Furthermore, within the
decision-making process, it becomes essential to monitor the system's sensitivity parameters
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Table 2
Sensitivity levels and normalized sensitivity index for different approaches

Approach Low Medium High 𝑆𝑛𝑜𝑟𝑚

Only Triangular 0.92 0.65 0.58 0.717
Only Gaussian 0.61 0.72 0.91 0.747
Combinational 0.95 0.88 0.93 0.920

and select appropriately combined functions that ensure maximal performance and adaptive
response.

The evaluation of the combinational approach facilitates smooth system operation,
minimizes uncertainty, and enhances overall sensitivity. As a result, the system maintains
e�cient performance under varying conditions, improves predictive accuracy, and reduces
response time, thereby achieving a higher degree of stability and adaptability.

The results of the calculations based on di�erent membership functions' sensitivity levels
and the S𝑛𝑜𝑟𝑚 expression used to evaluate the overall system sensitivity are presented in Table
2. This table demonstrates how the S𝑛𝑜𝑟𝑚 value re�ects both the system's general sensitivity
and its optimal operational performance. A higher S𝑛𝑜𝑟𝑚 index indicates an improvement in
the system's sensitivity optimization, enhances the e�ectiveness of the decision-making process,
and contributes to better management of request �ows within the system.

Evaluating the reliability of the proposed combinational approach plays a crucial role in
ensuring the optimal and stable operation of the system. In information systems, reliability
refers to the system's ability to maintain continuous operation under the in�uence of various
internal and external factors. Therefore, reliability is regarded as one of the key indicators for
assessing and predicting the performance e�ciency of complex systems.

The primary objective of system reliability evaluation is to determine how consistently the
system performs under di�erent load conditions, as well as to identify potential risk scenarios
and assess the system's ability to manage them. In this process, it becomes essential to
mathematically model the interdependence between the system's risk coe�cient 𝛼𝑘 and the
sensitivity�reliability interaction parameter 𝛽.

Within this framework, the overall system reliability is expressed through the following
general mathematical relationship:

𝑅𝑠𝑦𝑠𝑡𝑒𝑚 =
3∏︁

𝑘=1

(︀
1− 𝛼𝑘 · 𝑒−𝛽𝑆𝑘

)︀
, (4)

where 𝛼𝑘 � the weighting coe�cient of the 𝑘-th component; 𝛽 � the system's criticality
parameter; 𝑆𝑘 � the load factor a�ecting the 𝑘-th component; 𝑒−𝛽𝑆𝑘 � represents the conditional
probability of component failure under the given load.

The study examined the problem of evaluating the reliability of server systems and
optimizing their sensitivity levels. In the proposed model, the interrelationship between external
load factors a�ecting the server, the reliability of its components, and sensitivity indicators was
thoroughly analyzed. These parameters play a critical role in ensuring the stable operation of
the server system and e�ectively managing potential risk factors.

Shannon's information theory, which focuses on assessing the interaction between signal and
noise within a system, primarily addresses issues related to entropy and information loss during
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Fig. 5. Reliability function of the system over time

data transmission. However, this approach cannot directly capture the reliability, sensitivity,
and stability of server systems operating under risk conditions. The Shannon model does not
account for the system's dynamic response to stress factors such as load intensity, resource
constraints, or latency. Consequently, it is not fully applicable to complex technical systems
where sensitivity optimization, stability maintenance, and risk management are of fundamental
importance.

In the present study, a model aimed at evaluating the system's reliability level, sensitivity
coe�cient, and response to risk impact was employed. As a result, the system's sensitivity level
under risk conditions and its reliability parameters are assessed in an optimized manner. The
overall reliability level of the system is determined using the following equation:

𝑅𝑠𝑦𝑠𝑡𝑒𝑚 = 𝑒−𝛼𝑘𝑡 ·
(︂
1− 𝛽𝑒−

(𝑡−𝜇)2

2𝜎2

)︂
, (5)

where 𝛼𝑘 � denotes the failure rate of the k-th component, i. e., the probability of component
failure per unit of time; 𝑡 � represents the operational time or the duration of the system's
activity; 𝛽 � maximum amplitude of risk, indicating the highest intensity of potential risk
over time; 𝜇 � corresponds to the mean time of risk occurrence, representing the time interval
during which the probability of system malfunction is the highest; 𝜎 � denotes the dispersion
coe�cient of the risk parameter, re�ecting how widely the risk is distributed over time.

The variation dynamics of the system reliability function R𝑠𝑦𝑠𝑡𝑒𝑚 with respect to the time
factor are illustrated in Fig. 5.

Initially, the system operates with a high level of reliability; however, over time, the reliability
level gradually decreases due to factors such as component aging or increased load. During the
average load period (𝑡 ≈ 𝜇𝑡), the system's reliability indicator undergoes the most signi�cant
change. This situation clearly demonstrates the interrelation between the system's sensitivity
parameters and risk coe�cients, re�ecting how variations in risk exposure directly a�ect the
overall reliability behavior of the system.

2. Results. In the process of managing the query �ow based on fuzzy logic, a series of
systematic tests were conducted to evaluate system reliability by adapting server parameters
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Fig. 6. Reliability dynamics for the triangular membership function

Fig. 7. Reliability dynamics for the trapezoidal membership function

Fig. 8. Reliability dynamics for the Gaussian membership function

to the corresponding linguistic variables. The outcomes of these tests were recorded separately
for each membership function. Initially, the system was tested using the triangular membership
function, and the corresponding results are illustrated in Fig. 6.

For stable operating conditions, the tests were performed with the trapezoidal membership
function, and the obtained results are presented in Fig. 7.

For high-load conditions, the tests were carried out using the Gaussian membership function,
and the results are shown in Fig. 8. These �ndings are particularly important for assessing the
system's sensitivity in managing the query �ow under conditions of uncertainty and heavy
workload.
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Fig. 9. Reliability dynamics for the Gaussian type membership function

Table 3
Reliability results for different membership functions

Membership function 𝛼𝑘 𝛽 𝑆𝑘 𝑅𝑠𝑦𝑠𝑡𝑒𝑚

Triangular [0.2, 0.3, 0.5] 0.1 [0.92, 0.88, 0.93] 0.587
Trapezoidal [0.25, 0.35, 0.45] 0.1 [0.90, 0.85, 0.91] 0.587
Gaussian [0.15, 0.25, 0.35] 0.1 [0.95, 0.92, 0.94] 0.587

Combinational [0.18, 0.28, 0.38] 0.1 [0.93, 0.89, 0.92] 0.587

Additionally, under increased load conditions, further evaluations with the Gaussian-type
membership function were conducted, the results of which are presented in Fig. 9. These results
emphasize the signi�cance of analyzing the system's adaptive response and robustness when
operating under unstable or uncertain environments, providing deeper insights into the fuzzy-
based reliability control mechanism.

The reliability results calculated for each membership function are presented in Table 3. This
table provides the basis for analyzing the system's reliability levels under di�erent operational
conditions, as well as for identifying the in�uence of risk and sensitivity parameters on the
system's overall performance. The obtained results serve as a signi�cant scienti�c foundation
for the optimization of the system and ensuring its stable and reliable operation.

In this study, particular attention was devoted to evaluating the sensitivity of membership
functions during the fuzzi�cation stage and to optimizing their aggregation states. The
appropriate selection of membership functions for low, medium, and high conditions plays a
crucial role in ensuring the system's e�cient performance. Therefore, the chosen combinational
approach allowed achieving optimal sensitivity for each linguistic state of the system, which in
turn enhanced both its stability and overall e�ectiveness.

The sensitivity of membership functions is a fundamental factor in managing uncertainties
within the system, as even minor variations in parameters can have a signi�cant impact on
the output results. Through the implementation of an optimal combinational strategy, the
uncertainties arising in the decision-making process are minimized, thereby improving the
system's overall operational e�ciency and robustness.

Conclution. The study demonstrated that applying a single type of membership function
to all input parameters reduces the system's sensitivity and limits decision accuracy. Therefore,
an approach combining triangular, trapezoidal, and Gaussian functions�selected according
to the semantic characteristics of the parameters�was developed. This approach ensured
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higher sensitivity and discriminative capability in fuzzy systems, minimized uncertainty in the
decision-making process, and enhanced overall system stability. Experimental results con�rmed
that the combinational approach outperforms traditional methods by reducing response time,
balancing server load, and increasing decision accuracy. Consequently, selecting membership
functions based on semantic relevance signi�cantly improves system e�ciency.
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19. Hatipoğlu A., Başaran M., Yazici, M.A., Durak-Ata L. Handover-based Load Balancing
Algorithm for 5G and Beyond Heterogeneous Networks // In Proceedings of the 2020 12th International
Congress on Ultra Modern Telecommunications and Control Systems and Workshops (ICUMT), Brno,
Czech Republic, 2020. P. 5–7.

Кенжаев Санжар Соби-

рович — аспирант Самарканд-
ского государственного уни-
верситета имени Шарофа Ра-
шидова. E-mail: s.kenjayev22@
gmail.com. В 2008 году полу-
чил степень бакалавра в Сам-

ГУ (механика-математика), в 2021 году — сте-
пень магистра СамГУ (информационные техно-
логии и мультимедиа). В 2021 году стажиро-
вался в Инженерной школе EPL в Труа (Фран-
ция), с октября 2024 по март 2025 — в Санкт-
Петербургском политехническом университете
(Россия).

Sanjar Kenjaev — Sanjar Sobirovich
Kenjayev is a PhD at Samarkand State University.
E-mail: s.kenjayev22@gmail.com. In 2008, he
received a bachelor’s degree from SamSU (Maths),
and in 2021, he earned a master’s degree from
SamSU (information technology and multimedia).
In 2021, he interned at the EPL Engineering
School in Troyes (France), from October 2024
to March 2025 — at St. Petersburg Polytechnic
University (Russia).

Ахатов Акмаль Руста-

мович — e-mail: akmalar@

rambler.ru, тел: +998902716418.
Д-р техн. наук, профессор, про-
ректор по международному со-
трудничеству Самаркандского
государственного университета
имени Шарофа Рашидова по

специальности 05.01.02 — «Системный анализ,
управление и обработка информации». Коли-

чество опубликованных научных работ — бо-
лее 100. Область научных интересов: обработка
данных, повышение и обеспечение достоверно-
сти этого процесса, автоматизация процессов
принятия решений и управления при обработке
информации, системы искусственного интел-
лекта и большие данные.

Akmal Rustamovich Akhatov — e-mail:
akmalar@rambler.ru, phone: +998902716418.
Doctor of technical sciences, professor, vice-rector
for international cooperation of Samarkand State
University named after Sharof Rashidov, specialty
05.01.02 — “Systematic analysis, management and
information processing”. The number of published
scientific works is more than 100. Field of
scientific interests: data processing, increasing and
ensuring the reliability of this process, automation
of decision-making and management processes
in information processing, artificial intelligence
systems and Big Data.

Тоджиев Маруф Рузи-

кулович — PhD, доцент ка-
федры «Теория управления
и информационная безопас-
ность» Самаркандского го-
сударственного университета
имени Шарофа Рашидова. E-
mail: mrtojiyev6886@gmail.

com. ORCID: 0000-0002-2899-
4495

В 2014 году получил степень бакалавара
в Джизакском политехническом институте, в
2017 — степень магистра в Ташкентском уни-
верситете информационных технологий имени



С.С. Кенжаев, А. Р. Ахатов, М.Р. Тоджиев 15

Мухаммада аль-Хорезми (компьютерный ин-
жиниринг). В 2024 году стал базовым докторан-
том кафедры компьютерных наук и программи-
рования Джизакского филиала НУУз.

Научные интересы охватывают области
компьютерного зрения, компьютерного модели-
рования, кибербезопасности и квантовых вы-
числительных алгоритмов. Ведет преподава-
тельскую деятельность по указанным дис-
циплинам, а также осуществляет научно-
исследовательскую работу в данных направле-
ниях.

Tojiyev Maruf Ruzikulovich — PhD,
Associate Professor of the Department of
Management Theory and Information Security of

the Sharof Rashidov Samarkand State University.
E-mail: mrtojiyev6886@gmail.com. ORCID:
0000-0002-2899-4495.

In 2014, he received a bachelor’s degree from
the Jizzakh Polytechnic Institute, and in 2017,
he earned a master’s degree from the Muhammad
al-Khwarizmi Tashkent University of Information
Technologies (Computer Engineering). In 2024,
he became a basic doctoral student at
the Department of Computer Science and
Programming at the Jizzakh branch of NUUz.

His research interests include computer vision,
computer modeling, cybersecurity, and quantum
computing algorithms. He teaches these subjects
and conducts research in these areas.

Дата поступления — 14.11.2025


