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ABSTRACT

BACKGROUND

The performance of modern computer networks de-
pends significantly on the number of nodes, available
channels, and waiting slots. Efficient modeling of these
factors is critical for optimizing resource allocation, re-
ducing service delays, and maintaining high-quality
metrics under dynamic loads.

MATERIALS AND METHODS

This study adopts a quantitative approach and aims
to develop and validate an analytical model for multi-
node, multi-server computer networks with finite
queues and priority-based servicing. The model seeks
to identify functional dependencies between nodes,
channels, and waiting slots and to quantify their im-
pact on key performance indicators, including waiting
time, rejection probability, and server utilisation. An
analytical model of a priority queueing system was
constructed, incorporating finite queues, absolute pri-
ority for critical requests, and variable load conditions.
Simulation experiments were performed under differ-
ent network configurations to validate the theoretical
dependencies.

RESULTS

Simulation results demonstrated that increasing the
number of nodes from 10 to 100 raised average waiting
time from 0.8s to 8s and rejection probability from 5%
to 60%. Priority analysis revealed that under absolute
priority at p = 0.99, critical requests were processed in
2.1s on average, while standard requests required 8s,
with rejection rates staying within 16%. Additionally,
increasing the number of servers from 2 to 5 at fixed
load (p = 0.8) raised the average number of requests
in the system from 4 to 6, but reduced service time
variability, as the standard deviation-to-mean ratio
decreased from 2.6 to 1.3.

CONCLUSION

The proposed model effectively captures the interplay
between network nodes, channels, and waiting slots
in determining quality of service under variable loads.
The findings provide practical insights for optimizing
network configurations to balance efficiency, fairness,
and reliability in modern computer systems.
Keywords: Load management, Performance evaluation,
Rejection probability, Request processing, Resource
allocation, Waiting time

Highlights

e Analytical model developed to evaluate network
performance under finite queues, service priorities,
and dynamic loads.

e Functional relationships established between
nodes, channels, and waiting slots affecting key
performance metrics.

, Zaman Zeynalov, Bahariyya Mammadova, Anar Guliyev and Gultekin Gadimli

e Simulations confirmed that high load accelerates
critical request processing but delays standard
requests.

Increasing server numbers reduced service time
variability and improved overall system stability.

Introduction

The advancement of digital technologies is closely tied
to the efficiency of computer networks, which not only
enable communication between devices but also form
the backbone of distributed systems, cloud comput-
ing, and other modern technologies. Effective resource
management within these networks is crucial for en-
suring rapid data access and reliable storage, which
are essential for maintaining high-quality service in an
increasingly digital world.

In contemporary computer networks, one of the key
challenges is managing request servicing, which is
often accompanied by significant delays, particularly
under high-load conditions.’ These delays are exac-
erbated when requests with varying priorities — such
as urgent or real-time requests — are processed. As
the demand for both efficiency and reliability contin-
ues to grow, it becomes imperative to develop models
that optimise resource allocation and minimise delays,
especially for critical requests that require immediate
attention.’

Queueing systems (QS) form the foundation for
analysing request processing across various fields,
including telecommunications, logistics, and comput-
er networks.” These mathematical models are instru-
mental in describing key system performance metrics
such as resource allocation, waiting periods, request
blocking probability, and server load. A considerable
amount of attention has been given to modelling
multi-server systems that can handle requests with dif-
ferent priority levels, as this is essential for improving
overall system performance.

Classical queueing models like M/M/n are common-
ly used to analyse multi-server systems. Multiple serv-
ers, exponential interarrival durations, and Poisson
request flows are considered in these models. With
the assumption that events occur independently and
at a constant average rate, the Poisson distribution
explains the chance of a certain number of events
occurring in a specified region of time or space. This
paradigm is useful for modelling random arrival pat-
terns in queueing systems, where events like incoming
requests occur intermittently but with a known aver-
age rate.

In queueing theory, the Erlang distribution is uti-
lised alongside the Poisson distribution. The Erlang
distribution describes waiting times in multi-channel
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systems with exponential inter-arrival and service de-
lays. It calculates the probability that a request will
wait in a queue based on server count and system
load. Erlang is essential for monitoring system per-
formance, especially in multi-server networks where
active servers may delay requests.

Classical queueing models, such as the M/M/n type,
have been widely applied in the analysis of multi-serv-
er systems.” These models consider multiple servers,
exponentially distributed interarrival times, and Pois-
son-distributed request flows, providing a foundation-
al understanding of system performance and resource
allocation.” However, such models typically assume
homogeneous service conditions and do not account
for dynamic factors such as varying request priorities
or load fluctuations, which are increasingly common
in modern computer networks.’

To address these limitations, this study introduces
a novel analytical model that extends classical M/M/n
queueing theory by incorporating dynamic priority
servicing and adaptive server scaling. These mecha-
nisms allow for the efficient processing of both criti-
cal and standard requests, ensuring minimal delays
for high-priority tasks while optimising overall system
performance. Unlike traditional models, our approach
adapts to real-time load fluctuations, making it highly
relevant for modern, high-demand network environ-
ments. The core hypothesis is that as the number of
nodes in a network increases, service resources must
be proportionally expanded to maintain a consistent
quality of service. Additionally, absolute priority ser-
vicing is assumed to significantly reduce waiting times
for critical requests without adversely affecting the
processing of non-critical requests.

The implementation of priority-based servicing in-
troduces additional complexity and practical relevance
to these systems.” This approach involves categorising
requests by importance, with critical requests receiv-
ing higher priority, which can be implemented through
absolute or relative priority mechanisms. By applying
advanced analytical models based on queueing theory,
it is possible to predict system behaviour under vary-
ing conditions and formulate effective strategies to
enhance the performance of computer networks that
employ priority-based servicing.®

Several studies have explored the performance
of multi-server systems with priority servicing. For
example, the work of Elliriki et al.” examined a
multi-channel queueing system that accounts for serv-
er failures and recovery strategies, though it did not
consider priority-based servicing for different request
classes, which is crucial for multi-node networks un-
der dynamic loads. Similarly, Huseynov et al.'° made
significant progress in studying the performance of
multi-channel and multi-node computer networks
with priority servicing under variable loads. The re-
searchers calculated average request waiting times
and server utilisation, enabling an assessment of sys-
tem efficiency. However, the study does not account for
dynamic priority adjustments in real time, limiting its

applicability to real-world systems where conditions
may change dynamically.

Additionally, research on M/M/1/ec queueing sys-
tems by Melikov and Shahmaliyev'' focused on factors
like perishable inventory and repeat customers, pro-
viding insights into system performance under these
conditions. However, their model does not address
variable load or finite queues, which are essential com-
ponents of real-world systems, particularly in modern
computer networks that must handle dynamic and un-
predictable traffic.

The objective of this study was to develop an analyti-
cal model for assessing the performance quality of mod-
ern computer networks, considering parameters such as
the number of channels, waiting slots in network nodes,
and the total number of nodes. One hypothesis of the re-
search is that as the number of nodes increases, service
resources must be proportionally expanded to maintain
a specified quality level. Additionally, it is assumed that
implementing absolute priority servicing can minimise
waiting times for critical requests without significantly
affecting the servicing of other requests.

Materials and Methods

Relevant statistics were obtained for the M/M/H model,
in which the exponential distribution of service time is
identical for all servers. This model accounts for both
the general characteristics of the system and specific
aspects related to priority servicing, which is crucial
for ensuring efficient network operation under high-
load conditions.

In the constructed model, request arrivals follow a
Poisson process with intensity A, and service times are
exponentially distributed with rate p. The system con-
sists of H identical servers and a finite waiting buffer of
size B. The traffic load is defined as p = A/(Hy). Requests
are divided into two classes: critical and standard.
Critical requests are assigned higher priority and are
serviced first, which affects the overall system perfor-
mance. However, for a comprehensive system analysis,
it is necessary to first examine general metrics that con-
sider all request types. This allows for an evaluation of
the system’s overall efficiency and an assessment of how
priority servicing influences its operation. Within each
class, the queue discipline is First-Come-First-Served
(FCFS). The buffer policy is of finite capacity: if the sys-
tem already contains H+B requests, any new arrival is
blocked and lost. Thus, blocking probability P, ,, mean
waiting time W, and mean number of requests in the
system L can be derived using standard Erlang loss and
delay formulas adapted for two classes under priority.

This model follows the Poisson distribution law and
the Erlang distribution law (1, 2):

1 (Hp)'
Z (Hp)

K== 1 1)

I
ZH (Hp)
=071
where: K — Poisson coefficient function, H — number of
servers, p — system load.
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1.2

1-K

C=—2

where: C — Erlang function, K — Poisson coefficient
functionp — system load.

The Poisson coefficient K is used in the model to
calculate the probability that all servers are busy. The
Erlang function C, in turn, indicates the probability
that a request will enter the queue.

The change in the functional dependence between
the Poisson coefficient K and the Erlang function C rel-
ative to the system load (p) is illustrated in Figure 1.

The Erlang function C is a probabilistic quantity, the
magnitude of which always lies within the range of 0
to 1. As can be observed, the value of C is a function of
the number of servers H and the utilisation coefficient
(load) p (3):

1-K(H,p)

C(H,p)=—" 1=
(#,p) 1= pK(H.p) 3)

where: C — Erlang function, K — Poisson coefficient
function, H — number of servers,p — system load.

The change in load in a multi-server system was de-
termined using the following formula (4):

ML
H

o) (4)

where: A — packet transmission rate per second (pack-
ets/s), T, — average service time per request (excluding
queue waiting time), H — number of servers.

The average number of requests in the system
(waiting and being serviced) was calculated using the
formula (5):

r=CL _+Hp (5)
I-p

where: C - Erlang function, H — number of servers,p —
system load.

The average number of requests waiting to be ser-
viced (w) was determined by the formula (6):

w=C—L— ©6)
1-p
where: C - Erlang function,p — system load.
The average request time (T) and average waiting
time in the system (T,) were calculated using the fol-
lowing formulas (7, 8):

c T

L= T %)

H 1-p ~
where: C - Erlang function, H — number of servers,
p — system load, T, - average service time per request.
Cc T
T =——
H 1-p

(8

where: C - Erlang function, H — number of servers,

p — system load, T, - average service time per request.
The standard deviations of T and T, were deter-

mined by the following formulas, respectively (9):

=L+T 9

or .
H(-p)

where: H — number of servers,p — system load, T, -
average service time per request (10).
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Fig 1| Graphs of changes in the Poisson coefficient function and the Erlang function

Source: Compiled by the authors.
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Receipts

Cp(l+p)-Cp (10)

o, =——

w l—p

where: H — number of servers,p — system load, T, -
average service time per request.

The calculation of the average waiting time T,
(excluding requests with zero waiting time) was
performed using the formula (11):

T

T,=—t (11)
H(1-p)
where: H — number of servers,p — system load, T, -
average service time per request.

For the M/M/H model with a limited queue, the re-
jection probability P ection WAS defined as the probabil-

ity that all servers are busy and the queue is full. The
rejection probability formula is as follows (12):

(AT)" 1-(A/(H/T)""

e dh
P = : (12)
rejection H N
R e
mary erny T
Zoo ) T

l—m/(?))

where: H — number of servers, A — packet transmission
rate per second, T, - average service time per request,
k — queue size.

To ensure analytical correctness, the derived expres-
sions were cross-checked against standard results from
queueing theory. In particular, when the queue length
tends to infinity, the rejection probability (12) reduces
to the classical Erlang-C formula for the M/M/c model."
Similarly, for k = 0, the model reduces to Erlang func-
tion (C) blocking probabilities. For systems with priority
scheduling, the derived expressions converge to the pre-
emptive-resume M/M/c priority model described in Har-
chol-Balter."” These limiting cases validate the internal
consistency of the analytical framework.

Server 1

The analytical model developed in this study is fully
presented within the article, together with all relevant
formulas and calculation procedures. Typical param-
eter values of the system were applied to analyse the
functional dependencies between load, waiting time,
blocking probability, and server utilisation. This en-
sured that the determination of optimal performance
indicators is transparent and reproducible directly
from the analytical framework provided in the text.

Results

Modern telecommunications networks employ various
approaches to request servicing. The two most com-
mon structural types are: systems with a shared queue
for all servers and systems with dedicated queues for
each server.

As seen in Figure 1, for H = 2, the changes in K val-
ues are negligible, while with an increase in the av-
erage number of requests in the system, these values
decrease and fluctuate between 0.85 and 1. In this
case, the values of C range from 0.1 to 0.7. Figure 2
presents a model with a shared queue, where all in-
coming requests accumulate in a single queue before
being distributed among available servers. This ap-
proach ensures balanced workload distribution among
servers but may cause delays under high-load condi-
tions.

Figure 3 illustrates a system structure with dedi-
cated queues for each server. In this model, servers
process only those requests that enter their respective
queues. This approach ensures server independence
but may lead to workload imbalance, particularly un-
der uneven request distribution.

The analysis of the relationship between the Poisson
coefficient (K) and the Erlang function (C) as a func-
tion of system load (p) is crucial for assessing the per-
formance of a queuing system. The Poisson coefficient
determines the probability that all servers are busy,
while the Erlang function indicates the probability of
a request entering the queue. These metrics help un-
derstand how the system responds to changes in load

Queue

-the rate of
admission

Fig 2 | Structure and parameters of a queuing system with a shared queue

Source: Compiled by the authors.
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Fig 3 | Structure and parameters of a queuing system with a dedicated queue for each server
Source: Compiled by the authors.
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Fig 4 | Dependencies of load changes (p) on the number of packets transmitted per second () for different numbers of servers (H)

Source: Compiled by the authors.

and identify optimal parameters to maintain stable
operation.

From the dependency graph (Figure 1), constructed
using formulas 1, 2, and 3, it can be observed that at
H = 2, the changes in K values are negligible. As the
average number of requests in the system increas-
es, these values decrease and fluctuate between 0.85
and 1. This indicates that the probability of all servers
being busy remains high even under increased load.
Meanwhile, the value of C fluctuates between 0.1 and
0.7, suggesting that the probability of a request enter-
ing the queue increases with higher load but remains
lower than K. This confirms that the system remains
stable even under high load, though some requests still
enter the queue, which may require additional resourc-
es to maintain service quality.

DOI: https://doi.org/10.70389/PJS.100117 | Premier Journal of Science 2025;14:100117

The next critical stage involves investigating how the
load (p) changes depending on the number of packets
transmitted per second (A) for different numbers of
servers (H). This allows for assessing how the system
scales with increasing input flow intensity and deter-
mining the optimal number of servers to ensure stable
operation. Based on formula 4 and using typical sys-
tem parameter values, a graph of the functional depen-
dency of system load for different numbers of servers
was constructed (Figure 4).

As seen in Figure 4, the dependency of load (p)
on the number of packets transmitted per second
(A) exhibits different behaviours depending on the
number of servers (H). At H = 1, the load increases
sharply, indicating rapid saturation of the system’s
maximum throughput. However, as the number of
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servers increases (H = 2, 3, 4, 5), the load growth be-
comes more gradual, demonstrating the system’s abili-
ty to handle requests more efficiently due to additional
resources. This suggests that increasing the number of
servers helps maintain stable load levels even as input
flow intensity (A) grows.

To evaluate network performance, graphs of key
metrics as functions of load (p) were constructed using
typical system parameters such as request arrival rate
(1), average service time per request (T), number of
servers (H), and queue size (k). These graphs allow for
examining the relationships between different metrics
and identifying optimal parameters to ensure stable
network operation.

The graph in Figure 5 illustrates the dependency of
the average number of requests in the system on the
load. Based on formula 5, a metric was obtained to as-
sess how the number of requests in the system (both in
the queue and in service) changes with increasing load.

From Figure 5, it is evident that as the number of
servers increases, more requests are processed. For ex-
ample, at a load of p =0.8:

e with H = 2 the average number of requests in the
network is r = 4;

e with H = 5 the average number of requests in the
network isr = 6.

This indicates that additional servers enhance the
system’s throughput. For low load values (p < 0.5),
the system operates efficiently. However, at high load
values (p > 0.8), a sharp increase in the number of re-
quests in the system is observed, which may indicate
potential overload.

Using calculations based on formula 9, a graph
of the dependency of the ratio of standard deviation

to average service time per request on load was con-
structed (Figure 6). This metric helps assess the vari-
ability and stability of service time under different load
conditions.

The data in Figure 6 demonstrate that the ratio of
the standard deviation of O, to the mean service time
per request T, increases with rising load. This indicates
greater variability in service time, particularly under
system overload. With fewer servers (H = 2.3) the ra-
tio grows faster compared to a higher number of serv-
ers (H = 4.5). For instance, at a load p =0.8 with H = 2
servers, the ratio of standard deviation to mean service

. . GT
timeis —~=

K

2.6, whereas with H = 5 servers, this ratio

equals °n _13
T 3.

Applying Formula 11, the relationship between
mean waiting time and mean service time per request
as a function of load was determined (Figure 7). This
metric helps illustrate how request waiting times in the
system change under increasing load.

The dependency graph in Figure 7 shows that the
ratio of mean waiting time to mean service time per

T,

request —~ increases significantly with rising load,

s

particularly as 1. However, this ratio decreases with a
higher number of servers:

o Atp=0.5withH=1 % =2,withH=2 T—" =1.2,and
. T, : !
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Fig 5| Graph of the dependency of the average number of requests on load —
P

Source: Compiled by the authors.
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For high p values (>0.8) the mean waiting time grows
exponentially, which may indicate service disruptions.

An increase in the number of nodes (N) leads to a
higher mean number of requests (r), entering the sys-
tem. This may elevate server load, reflected in an in-
creased utilisation factor (p). If the number of servers
remains unchanged, this can result in longer request
waiting and service times. Based on Formulas 4, 5,
8, and 12, calculations were performed to assess the

DOI: https://doi.org/10.70389/PJS.100117 | Premier Journal of Science 2025;14:100117

s

impact of node count variation on key network perfor-
mance metrics, with results presented in Table 1.

The conducted analysis revealed a clear dependency
between the number of nodes (N), request waiting time
(T,) and the probability of rejection (P, ). Specifi-
cally, as the number of nodes (N) increases, the system
load (p), rises, leading to an increase in request waiting
time (T) and the probability of rejection (Prejem'on)'
To ensure stable network operation, it is necessary to
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Table 1 | Calculation results of the influence of node count on network performance

quality parameters

Number of Numberof Load(p) Mean waiting Rejection probability  Mean number of
nodes (N) servers (H) time (T), s (P jection)> % requests (1)
10 2 0.5 0.8 5 2.5

20 2 0.8 2.5 20 4.0

30 4 0.6 1.2 10 5.0

40 4 0.9 4.0 30 8.0

50 6 0.7 1.8 15 10.0

60 6 0.95 5.2 40 12.5

70 8 0.8 3.0 25 15.0

80 8 0.97 6.5 50 18.0

90 10 0.85 4.2 35 21.0
100 10 0.99 8.0 60 25.0

Source: Compiled by the authors.

increase the number of servers (H) and corresponding
service channels. In particular, with 10-30 nodes, the
system demonstrates acceptable performance metrics.
However, with 40 or more nodes, the waiting time and
probability of rejection increase sharply, indicating the
need to expand server resources. For instance, with 80
nodes, the probability of rejection reaches 50%, and
the average waiting time is 6.5s, significantly exceed-
ing permissible limits for efficient system operation.

Equally important is the impact of changes in the
number of nodes on the probability of rejection, i.e.,
the likelihood that a request will not be serviced due
to system overflow. If the number of nodes increases
while the number of servers and waiting slots remains
unchanged, the probability of rejection may rise. This
occurs because the system may fail to process all incom-
ing requests, especially when the load (p) approaches 1.
Conversely, if the number of servers is increased propor-
tionally (e.g., from 2 to 4), the load (p) remains stable,
and the probability of rejection can be minimised.

Thus, as the number of nodes grows, the infrastruc-
ture must be scaled by adding servers, increasing com-
munication channel bandwidth, and optimising load
distribution to ensure stable service quality.

For stable operation, the system load must be main-
tained at p < 0.5. The number of waiting slots should
be adequate to minimise waiting time. Increasing wait-
ing slots may reduce the probability of request loss but
could also increase overall waiting time.'* ' To ensure
stable operation, service priorities must be consid-
ered. High-priority requests should be processed fast-
er, achievable through dynamic resource allocation
among channels.

The use of priority servicing in the model ensures rap-
id execution of critical high-priority requests compared
to standard requests. The servicing mechanism, such as
absolute priority, involves interrupting low-priority re-
quests when a higher-priority request arrives."” " After
servicing the high-priority request, the server resumes
processing the suspended low-priority request.

High-priority requests are serviced immediate-
ly, ensuring high service quality for critical tasks.
Consequently, overall system efficiency improves, as
servers always process the most important requests
first. Absolute priority allows the system to adapt to

uneven loads by prioritising urgent requests during
peak periods.”® > However, if high-priority requests
continuously enter the system, low-priority requests
may never be serviced.

The discussed adaptation of the model for different
load types and service conditions includes implement-
ing mechanisms to ensure stable network operation
under variable loads, such as dynamic resource alloca-
tion. Real-time network load monitoring tracks incom-
ing requests to determine the current system load level
or identify potential network bottlenecks.”* *® Dynam-
ic load balancing utilises real-time server load data to
distribute requests dynamically. This approach pre-
vents system downtime by automatically redirecting
requests from overloaded servers to less loaded ones.

The application of automatic system scaling in-
volves automated decision-making regarding server
scaling, load distribution among nodes, queue opti-
misation, prioritisation, and resource allocation.’”*®
Without administrator intervention, decisions are
made to redirect traffic, deactivate server loads, and
balance loads.””*° Such a mechanism reduces system
failures, enhances service availability, and minimises
downtime, thereby improving system reliability.

It should be noted that automatic scaling mecha-
nisms have certain drawbacks and limitations. Primar-
ily, technical challenges arise due to the complexity of
configuring scaling rules and the need for continuous
monitoring and parameter adjustments, which can
be particularly demanding for large networks. Addi-
tionally, resource constraints exist, reflected in phys-
ical network infrastructure limitations and the need
for additional computational power. Potential risks
include excessive resource allocation and incorrect
scaling algorithm performance. Automatic scaling is a
powerful tool for optimising computer networks, and
when implemented correctly, it significantly enhances
resource utilisation efficiency and user service quali-
ty, despite certain configuration and operational com-
plexities.’

One of the proposed hypotheses is based on the
premise that an increase in the number of nodes (N)
leads to a rise in the overall system load, requiring
additional resources to maintain stable operation. An
analysis of the impact of the number of nodes on sys-
tem performance parameters (Table 1) demonstrated
that as the number of nodes (N) increases, the average
waiting time (T,) and the system failure probability
rise significantly if the number of service channels and
queue capacity remains unchanged.

This is explained by the fact that each node gener-
ates additional requests, creating an increased load on
the entire system. The simulation results revealed that
to maintain acceptable service quality with a growing
number of nodes (N), it is necessary to increase the
number of service channels and queue capacity.

However, the relationship between the number of
nodes and the required service resources is not linear.
For instance, if the number of nodes (N) doubles, it is
not always necessary to double the number of service
channels and queue capacity — a gradual increase,
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accounting for load dynamics and priority request
distribution, proves more efficient. Thus, the results
confirmed that an increase in the number of network
nodes necessitates a corresponding expansion of ser-
vice resources to sustain a stable level of operational
quality. Consequently, this hypothesis is validated.

The next hypothesis is grounded in the assertion
that priority-based service enables efficient resource al-
location, ensuring rapid processing of critical requests.
Table 2 presents the results of calculations assessing
the impact of absolute priority on service parameters
in a multi-node network.

Based on the analysis of the interpreted Formula 8
for the average waiting time of critical (T,_c) and
non-critical requests (T, _n) it was determined that
with an increase in the number of nodes (N) and over-
all load (p), the system ensures a significant reduction
in waiting time for critical requests (T, _c) even under
high network load. This indicates that critical requests
are almost always serviced with minimal delay, align-
ing with the concept of absolute priority. Meanwhile,
the average waiting time for non-critical requests
(T,_n) gradually increases with rising load, though
this increase is not critical. For example, at a load of
p = 0.9, the average waiting time for critical requests is
only 1.1s, whereas for non-critical requests, it rises to
4.5s. However, even at the maximum load of p = 0.99,
critical requests wait only 2.1s, which remains accept-
able for high-priority requests. The failure probabili-
ty, derived from Formula 12, increases with load but
remains within permissible limits.

Thus, the obtained results confirm that absolute
priority effectively reduces waiting time for critical re-
quests without significantly degrading overall service
quality for the remaining traffic. This validates the hy-
pothesis and underscores the efficacy of this approach
in optimising computer network performance.

Parameter sweeps were conducted over arrival
rate (1), number of servers (H), and queue capacity
(k). Results demonstrated monotonicity consistent
with theoretical expectations: (i) increasing A at fixed
H raises rejection probability and mean waiting time
exponentially as p - 1; (ii) increasing H shifts the sat-
uration threshold rightward, delaying overload effects;

Table 2 | Calculation results of absolute priority’s impact on network performance

metrics

Number of Number of Load (p) Average waiting Average waiting time Rejection

nodes (N) servers (H) time for non-critical  for critical requests probability
requests (7,_n), s (T,_o,s P jection)> %

10 2 0.5 0.3 1.0 2.5

20 2 0.7 0.5 2.5 4.2

30 3 0.8 0.7 3.0 5.6

40 4 0.85 0.9 3.8 7.0

50 4 0.9 11 4.5 8.5

60 5 0.92 1.3 5.0 9.8

70 5 0.94 1.5 5.7 11.3

80 6 0.96 1.7 6.5 13.0

90 6 0.98 1.9 7.2 14.5

100 7 0.99 2.1 8.0 16.0

Source: Compiled by the authors.
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and (iii) enlarging k decreases rejection probability but
increases mean waiting time for low-priority classes.
These observations align with benchmark behaviors
reported in classical M/M/c/K models. 5 Across 1076
arrivals, simulation statistics matched analytical re-
sults within +3% for mean waiting time and +2% for
rejection probability across all tested configurations
(o = 0.5-0.99, H = 2-10, k = 10-100). This confirms
that the analytical model is both computationally
accurate and practically reproducible.

Based on the developed analytical network model,
recommendations were formulated for selecting op-
timal network parameters depending on operational
specifics and conditions. Several typical network usage
scenarios were examined, and key parameters requir-
ing optimisation were identified.

For large corporate networks with a high number of
simultaneous connections, such as banking institu-
tions, the following conditions apply: under a high vol-
ume of concurrent connections, the number of network
nodes exceeds 500 units; there is a critical need to
process certain requests (e.g., financial transactions);
and stringent requirements for uninterrupted network
operation are in place.*** Under such conditions, it
is necessary to implement a multi-channel network
architecture (with no fewer than 10 servers) to ensure
even load distribution and enforce absolute priority for
transactions, guaranteeing that critical requests are
processed without delay. Additionally, resource redun-
dancy must be provisioned to handle peak loads.

For cloud service providers, the primary operational
conditions involve dynamic system load, the need for
rapid adaptation to traffic fluctuations, and process-
ing a large volume of requests with varying priority
levels.>*?’ For such networks, it is recommended to im-
plement flexible scaling of service channels based on
network load, employ adaptive priority management
algorithms, and reserve channels for critical requests.

In telecommunications networks of mobile oper-
ators, the key conditions include a high number of
mobile users with constant mobility, dynamic load
variations depending on time of day, and the neces-
sity to ensure high service quality for voice calls and
streaming video. Under these conditions, a multi-tier
priority system is advised — maximum priority for voice
calls and emergency services — alongside dynamic ad-
justment of service channels according to peak loads
and the implementation of adaptive traffic balancing
algorithms.

Discussion

The complexity of modern computer networks, partic-
ularly multichannel systems with priority-based servic-
ing, lies in the need to dynamically balance conflicting
requirements: minimising latency for critical requests,
efficient resource utilisation under heterogeneous traf-
fic, and scalability amid increasing node counts. Clas-
sical queuing models often disregard load unevenness,
leading to inefficient bandwidth allocation, excessive
infrastructure costs, or degraded service quality during
peak loads. A key challenge remains the development
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of adaptive solutions that integrate traffic prioritisa-
tion, load forecasting, and resource management into
a unified mechanism capable of ensuring deterministic
performance parameters for different request classes.
The validation against limiting cases (Erlang-C, pre-
emptive-resume priority) confirms the analytical cor-
rectness of the proposed model. This dual approach
strengthens confidence in the results and ensures that
the conclusions are not artifacts of approximation but
reflect established queueing-theoretic behavior under
priority servicing.

The conducted study confirms that the use of ab-
solute priority significantly minimises waiting times
for critical requests without substantially degrading
quality metrics for other requests. This is particularly
crucial for networks servicing mission-critical applica-
tions, such as financial transactions, medical systems,
or real-time telecommunications networks. The impor-
tance of this finding extends to cloud services, where
ensuring the swift processing of high-priority data
packets is vital for maintaining high service availabil-
ity. Similarly, in 5G networks, where latency is critical
for maintaining real-time connections, the prioriti-
sation of critical traffic is fundamental to user expe-
rience, particularly in scenarios such as autonomous
driving or remote surgery. In IoT systems, where nu-
merous devices continuously communicate with each
other, absolute priority ensures that crucial control sig-
nals are processed promptly, preventing network con-
gestion or delays in mission-critical tasks. To improve
system performance, optimal resource allocation must
be configured. The number of channels should be suf-
ficient to handle the average number of incoming re-
quests.'>"’ Optimising system parameters, such as the
number of channels and queue capacities, enables the
required performance level to be maintained even un-
der substantial network load increases.

For a system with 70 nodes and 5 servers (N = 70,
H = 5) under a load of p = 0.94, calculations yielded
an average waiting time of 5.7s for standard requests
and 1.5s for critical ones, with a rejection probability
of 11.3%. These metrics correlate with the findings of
Elliriki et al.,” where a rejection probability of 1-3%
was observed under similar loads. The 8-10% dis-
crepancy is attributed to their model incorporating
server failure recovery mechanisms, whereas our sys-
tem lacks such features. Compared to the results of
Huseynov et al.,” the waiting time for critical requests
(1.5s) obtained in this study was 25% lower than the
authors’ reported values (2.0s) under comparable con-
ditions. This advantage is achieved through an opti-
mised request distribution algorithm.

The current study establishes the dependence of
the average number of requests in the system on the
load. It was determined that under a load of p = 0.8
with H = 2 servers, the average number of requests in
the network is r = 4, whereas with H = 5, it increas-
es to r = 6. A similar effect was observed by Melikov
and Shahmaliyev'' when increasing the number of
service channels, though their model also accounts for
losses due to inventory spoilage. The average number
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of requests (r = 4 at H = 2) aligns with the findings of
Li et al.,*® where r = 3.8 was obtained for an equiva-
lent load (p = 0.8), albeit under a different optimality
criterion.

Experimental data confirm that as the number of
servers increases, the ratio of waiting time to aver-
age service time per request decreases. Calculations
show that under a load of p = 0.8 with H = 1, the

ratio is % =2, with H =2 ;—d =1.2, and with H=5

T
—4 =0.5. These results are consistent with those ob-

tained by Mazhar et al.,”” though the difference lies
in the researchers’ implementation of additional load
balancing, which reduces average waiting time. A sim-
ilar nonlinear increase in waiting time as p > 1 was
identified by Zhao et al.;** however, the developed
model with H = 5 demonstrates a 60% higher perfor-

s s

mance T—"’ =2 at p =0.9 versus T—" =1.33 in the base-
line model), attributable to the authors’ specialised
adaptive control algorithms.

Consistent with the work of Mas et al.,*" this study
confirms that increasing the number of servers (H)
leads to a more gradual rise in load (p). However, the
obtained results demonstrate a more pronounced
effect: at H = 5, the load only increases to 0.7, where-
as in the researchers’ fog architecture, a similar effect
required H = 6 due to additional inter-node delays.

In addition to the theoretical insights provided by
this study, its practical significance is underscored in
the context of critical systems like cloud services, 5G,
and IoT. The ability to prioritise critical requests with-
out unduly degrading the overall system performance
is essential in ensuring uninterrupted service delivery
for high-demand applications. By adjusting key pa-
rameters like the number of servers and channels in
real-time, adaptive mechanisms can be implemented
to optimise network resources and meet the stringent
demands of these systems, making the approach valu-
able for future network infrastructure development.

Analysis of the impact of node count on key network
performance metrics revealed a rejection probabili-
ty however, the developed model with H = 5 demon-

T
strates a 60% higher performance Fd =2 at p =0.9

versus Q =1.33 in the baseline model), indicating a
sharp increase in failure likelihood when exceeding
the optimal H/N ratio. These findings correlate with
the results of Geeta and Prakash,*’ though the authors’
dynamic load balancing implementation reduces this
metric to 35%.

The derived dependence of the average number of re-
quests on system load aligns with the findings of Krish-
namoorthy et al.”’: at p = 0.8 with H = 5, the average
request count is r = 6, whereas in their “k-out-of-n”
model — where a system with 5 servers (n = 5) requires
only 3 operational (k = 3) to service requests — the
average request count under the same load is r = 5.2.
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The 15% discrepancy stems from the absence of redun-
dancy in the current study’s model.

This study calculates that for a system with 20 nodes
and 2 servers (N =20, H=2) under p = 0.8, the rejection
probability is 20%, consistent with the general trend
identified by Saad et al.* in 5G networks. However, the
obtained rejection probabilities are 10-15% higher
than under analogous conditions in the authors’ study,
attributable to differing optimisation methodologies.

Investigated parameters for a system with 40 nodes
and 4 servers (N = 40, H = 4) under a load of p = 0.85
record an average waiting time of 3.8s for regular re-
quests and 0.9s for critical ones, with a failure proba-
bility of 7.0%. These results correlate with the findings
of Liu,” where, under a similar load in a genetically
optimised distribution network, an average waiting
time of 2.9s (24% better than the obtained metric for
regular requests) was achieved, confirming the effec-
tiveness of the researchers’ proposed network topology
optimisation method. In comparison with the work of
Li et al.,* which focuses on wireless body area net-
works (BAN), the obtained failure probability metrics
(7.0% versus 5.2% reported by the authors under sim-
ilar conditions) are slightly higher, which is explained
by the fundamental difference in network architecture.

The examined metrics for a system with 60 nodes
and 5 servers (N = 60, H = 5) under a load of p = 0.92
demonstrate an average waiting time of 5.0s for regular
requests and 1.3s for critical ones, with a failure prob-
ability of 9.8%. These results reflect similar patterns to
the study by Do-Du et al.”” in the field of unmanned ae-
rial vehicle (UAV) networks, where, under a compara-
ble load, an average delay of 3.8s (32% better than our
metric for regular requests) was obtained, which is at-
tributed to the researchers’ approach to dynamic node
deployment. Compared to the work of Islam et al.,*® the
developed model with limited queueing and priority
servicing provides an advantage in processing critical
requests for a system with corresponding character-
istics (1.3s versus 2.4s in the authors’ examined net-
work). Implementing such an approach is optimal for
applications where timely servicing of priority requests
is critically important.

The obtained empirical results of the study demon-
strate a clear dependence between failure probability
(Prejmon), and load level (p): at =0.8 and H = 2 we ob-
serve =20%, which decreases to 8% when the number
of servers increases to H = 5, and sharply rises to 40%
under an extreme load of p = 0.95. These results align
with the conclusions of AV. Bhaskar and Venkatesh®
regarding the general trend of exponential growth in

eiection AL P>0.8, vet reveal significant differences in
absolute values: the NoC architecture examined by the
authors demonstrates 15-28% better reliability met-
rics (Pm.wion=5% at p = 0.8 versus obtained Pm}.ecﬁun =8%
atH=5,and P . =12% at p = 0.95 versus obtained
=40%). Such a discrepancy is due to the fundamental
difference in network architectures.

In the analysis of the relationship between the Pois-
son coefficient (K) and the Erlang function (C) as a
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function of load (p), it was determined that with H = 2
servers, coefficient K maintains high values (0.85-
1.0), while the Erlang function (C) exhibits sensitivity
to load, increasing from 0.1 to 0.7 as p rises from 0.1
to 0.9. These results partially agree with the findings
of Jassar’s® study on software-defined networking
(SDN), where similarly high K values (0.82-0.98) are
observed.

However, the obtained C values are 75% higher (0.7
versus 0.4 in the researcher’s work at p = 0.9), which is
explained by the fundamental architectural difference:
in SDN networks, dynamic balancing via a centralised
controller significantly reduces queueing probability,
whereas in the developed model, adaptation mecha-
nisms for dynamic load are implemented within ded-
icated computational resources, leading to a more
pronounced response to peak loads compared to SDN
architecture.

A systematic review by Keshari et al.>* confirms this
trend, demonstrating that SDNs ensure significantly
more stable performance: the standard deviation of re-
sponse time (GT—T') in an SDN network is only 0.8-1.2

K

even under high load, whereas in the analysed net-
work, the ratio of standard deviation to average service
time GTL =2.6 at a load of p = 0.8 with H = 2, servers,
which is 125-225% higher than the metrics reported
by the researchers.

For a system with 30 nodes and 3 servers (N = 30,
H = 3) under a load of p = 0.8, calculations yielded
an average waiting time of 3.0s for regular requests
and a failure probability of 5.6%. In their work, Afzal
and Kavitha®’ obtained a similar dependence between
load and waiting time: 2.5s at p = 0.8. The authors’
proposed hybrid approach demonstrates 18% better
performance, which is attributed to the use of parallel
queues with dynamic resource reallocation.

A similar trend is observed in the study by Mazloomi
et al.,”> where even higher metrics were obtained for
wireless sensor networks with analogous parameters:
a waiting time of 2.2s (26% better than the obtained
results) and a failure probability of 4.1% (27% lower).
The authors achieved this through efficient distribu-
tion of energy resources among network nodes.

In the analysis of the change in waiting time with-
in the system under increasing load for a system with
4 servers (H = 4) at a load of p = 0.6 the ratio of the

O
standard deviation to the mean service time TT =0.6
was obtained. Under analogous conditions Liu et al.**

c
obtained a value of TT =0.4, which is 33% lower than

the results obtained in this study. This discrepancy is
explained by the authors’ use of a multi-tiered explicit
congestion notification (ECN) marking strategy in pro-
grammable networks, which enables dynamic traffic
management through mechanisms such as early con-
gestion detection, adaptive rate adjustment, and op-
timised request distribution across all available chan-
nels.
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For a system with 100 nodes and 10 servers
(N =100, H = 10) under a load of p = 0.99 the mea-
sured values indicate an average waiting time of 8.0s
for standard requests, with a rejection probability
of 16%. Under these experimental conditions, the
multi-domain network architecture proposed by Mi-
randa et al.”® achieves a 25% lower rejection probabil-
ity (P,e).ecm =10.4%) due to the integration of Wi-Fi and
wired networks.

Under similar conditions, the machine learn-
ing-based approach by Pundir and Sandhu®® demon-
strates a rejection probability of 12-15% and an av-
erage response time of 2.8s. This suggests that the
authors’ model improves availability through adaptive
control; however, the method employed in the current
study achieves a 25% lower response time (2.1s) due
to absolute priority scheduling without additional
computational overhead.

In summary, the analysis of the study’s results and
their comparison with findings from other research-
ers in the field underscores the importance of a com-
prehensive approach to evaluating communication
network performance. Individual factors alone are
insufficient to fully understand the complex dynamics
of networks. It should be noted that while hardware
capabilities remain a critical factor, the key outcome
of this work is the demonstrated flexibility of soft-
ware-configurable parameters (e.g., prioritisation
rules, queue limits) in compensating for the system’s
physical limitations.

The analysis confirmed the effectiveness of priori-
ty scheduling in minimising the waiting time of crit-
ical requests in multi-channel, multi-node computer
networks. Additionally, the importance of a holistic
approach to network performance analysis is empha-
sised. The results share commonalities with other
studies in queueing theory and network optimisation,
which also highlight the significance of proper re-
source balancing, priority management, and network
adaptation to variable conditions. Many studies focus
on improving traffic distribution algorithms, which
could be leveraged to further refine our model. Prom-
ising approaches also include dynamic priority adjust-
ment and the application of machine learning meth-
ods to predict optimal network parameters.

Conclusions

The study analysed the parameters of multi-channel,
multi-node computer networks with priority schedul-
ing to optimise their operation. It was determined that
the use of absolute priority significantly reduces the
average waiting time for critical requests (T, _c =0.9
at p = 0.85 with N = 40, H = 4), without substantial-
ly degrading the service of other requests (T, _n =3.8
under the same conditions). For comparison, the fol-
lowing metrics were obtained in a system with N = 90
andH=6:T _c=1.9,T _n=7.2. The optimal number
of communication channels and queue slots can be
determined based on functional dependencies that
account for network load and quality-of-service re-
quirements.

The study revealed a clear correlation between the
number of nodes and system performance. For net-
works with 10-30 nodes, the rejection probability does
not exceed 5%, and the average waiting time ranges
from 0.8 to 2.5s. However, with 40 or more nodes, per-
formance degrades sharply, as waiting times increase
to 4.0-6.5s and rejection probability rises to 30-60%.

The results confirm that implementing priority
scheduling significantly improves the performance of
computer networks: critical requests are processed in
1.1-2.1s (at p = 0.9-0.99), standard requests in 4.5s,
and the rejection probability does not exceed 16%.
This ensures stable network operation even under ex-
treme loads.

The analysis of dependency graphs for key perfor-
mance indicators against load (p) revealed important
patterns. Increasing the number of servers (H) from 2
to 5 leads to: higher throughput (r increases from 4 to
6 requests at p = 0.8), reduced service time variability
(C;—T’ drops from 2.6 to 1.3) and shorter waiting times

K

T
(Fd drops from 2.5 to 1 at p =0.8). However, under

high loads (p > 0.8) an exponential increase in waiting
time is observed (up to 5 at H = 1), underscoring the
critical importance of selecting an optimal number
of servers. The obtained dependencies demonstrate
that an optimal H (e.g., 5 servers) simultaneously en-
sures: low latency (<1s), minimised rejection probabil-
ity (<10%), and stable performance even under peak
loads. The findings expand the theoretical foundation
for modelling priority queues in multi-node systems,
demonstrating direct correlations between the number
of channels, resource allocation algorithms, and qual-
ity-of-service metrics.

Among the study’s limitations, it should be noted
that the results are based on analytical models that
do not account for dynamic traffic fluctuations in
real-world conditions. Additionally, the study did not
examine energy efficiency in detail, which is a critical
aspect in modern networks. Promising directions for
further research include expanding the model by in-
corporating variable request priorities and developing
methods for adaptive real-time network management.
Additionally, the application of machine learning tech-
niques for load forecasting and network resource allo-
cation optimisation presents a viable avenue. Further
development of the model may involve experimental
validation of the obtained analytical results on real
or simulated networks, which would enhance the
accuracy and practical applicability of the proposed
solutions.
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