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Abstract. The rapid expansion of interactive video, augmented and virtual reality platforms, and the Internet of
Things sharply increases the requirements for flexible traffic distribution in modern networks. Conventional static
load balancing algorithms fail to respond to rapid shifts in traffic patterns, leading to overloads on individual
nodes. The study aimed to design and experimentally validate an adaptive balancing algorithm based on fuzzy
grouping of server states. Methodologically, the research employed simulation modelling of a 100-server network
with time-varying load, fuzzy clustering via the Fuzzy (-Means algorithm (with fuzzy rule generation), continuous
monitoring of performance metrics, statistical comparison with baseline strategies (round-robin and two-threshold
autoscaling), analysis of traffic variability and the linear relationship between cluster count and stability, as well as
a sensitivity analysis for metric measurement errors up to 5%. It was found that the proposed algorithm reduces
the mean deviation of node utilisation by a factor of 1.5 compared with two-threshold autoscaling. During peak
periods, system response time decreased from 180 to 145 ms, while average resource utilisation rose from 68% to
85%.Analysis of the traffic coefficient of variation showed that at values above 0.4 the new method keeps node load
within £10% for 92% of observations, whereas round-robin exceeds this range in 37% of cases. A linear relation
between the number of clusters and distribution stability was revealed, with four clusters proving optimal. Fuzzy
rules additionally eliminate abrupt traffic oscillations after demand spikes and ensure smooth flow redirection.
Sensitivity analysis indicates that a metric measurement error up to 5% does not affect decision correctness.
The resulting architecture maintains stable operation when individual servers experience disproportionate traffic
growth. Comparison with traditional approaches confirmed the superiority of the proposed method across all
evaluated performance and robustness metrics

Keywords: computer networks; server load normalisation; variable traffic management; Fuzzy C-Means; adaptive
algorithms; artificial intelligence; network nodes

INTRODUCTION

Modern computer networks are experiencing increasing  of interactive multimedia, augmented and virtual real-
pressure due to the rapid growth in data volumes and ity, as well as the widespread deployment of the Inter-
the rising complexity of digital services. The expansion  net of Things (loT), has resulted in highly dynamic and
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uneven traffic loads. Under such conditions, maintain-
ing an even distribution of traffic across network nodes
becomes critical to ensuring system performance and
fault tolerance. Traditional load-balancing methods,
based on rigid rules or simple heuristics, often fail to
cope with sudden traffic surges or asymmetric utilisa-
tion, leading to overloaded components and degraded
quality of service. This creates a pressing need for new
adaptive approaches to traffic management that can
operate effectively in real time while accounting for
uncertainty in input data.

Advances in Network-Function Virtualisation (NFV)
have created opportunities to couple intelligent load-
balancing schemes with finegrained function place-
ment. According to B.Yi et al. (2018), who reviewed Ar-
tificial Intelligence (Al) enabled NFV orchestrators and
highlighted that fuzzy logic controllers are increasingly
embedded within service-function-chain managers to
steer traffic dynamically between Virtual Network Func-
tions (VNFs). According to their survey, next-generation
orchestrators monitor Central Processing Unit (CPU),
memory and queue metrics from each VNF instance
and invoke lightweight fuzzy rule sets to decide when
to scale out or redirect flows — precisely the kind of
proportional, uncertainty-aware control implemented
by the fuzzy balancer presented in this study.

Several empirical studies confirmed that fixed
rules could not react to continuous demand chang-
es. Scientists J. Zhang & S-L. Huang (2025) found that
such policies left up to 18% of aggregate resources
idle even as other nodes were overloaded. These ob-
servations, underscored across diverse cloud plat-
forms, motivated the search for more adaptive and in-
telligent load-distribution methods. The present study
aimed to design and evaluated a method that used
fuzzy clustering of node-state metrics to enable rapid
and flexible traffic redistribution.

Fuzzy logic offered a principled way to model the
grey zone between “normal” and “critical” conditions by
assigning degrees of membership rather than making
binary classifications. Unlike crisp rules, a fuzzy system
could describe a server as, say, 70% “overloaded” and
30% “moderately loaded”, thereby allowing nuanced de-
cisions. Recent work provided supporting evidence: B.
Sarma et al. (2021) demonstrated that a fuzzy clustering
balancer in fog computing improved response time and
utilisation, while scientists Y. Gao et al. (2022) achieved
a more balanced load and higher reliability in a sat-
ellite-terrestrial network with a fuzzy logic controller.

Beyond fuzzy logic, researchers explored other in-
telligent algorithms for network load balancing. Re-
searchers Y. Seraj et al. (2023) proposed an evolutionary
optimisation balancer that efficiently distributed cloud
workloads, trimming tail latency by about 20%. Swarm-
intelligence heuristics (Chabira et al., 2025), reinforce-
ment-learning schedulers (Khan, 2024), and hybrid fuzzy
logic-reinforcement learning (fuzzy-RL) controllers
(Wu et al., 2024) further demonstrated how promising
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the Al-driven approaches are. Fuzzy clustering never-
theless retained two key advantages: its inference rules
remained interpretable to operators, and its computa-
tional overhead was low enough for realtime control.

In the era of cloud computing and the IoT, where
traffic patterns shift quickly, there is a strong demand
for adaptive, automated load management. Next-gen-
eration 5G/6G and Software-Defined Networking (SDN)
architectures exemplify environments with stringent
performance requirements that static balancers can-
not satisfy (Wu et al., 2024). Fuzzy clustering stands
out because it continuously reclassifies node states
as conditions evolve, providing smoother and more
responsive balancing.

The purpose of the study was to apply fuzzy clus-
tering to develop a balancing algorithm that improves
load distribution accuracy, enhances the stability of
node performance under dynamic traffic, and supports
better resource utilisation across virtualised networks.

MATERIALS AND METHODS

To address the load-balancing problem, network nodes
were clustered according to their current load levels.
The Fuzzy C(-Means (FCM) algorithm was used to au-
tomatically identify three groups of nodes - heavily
loaded, moderately loaded, and lightly loaded (reserve
capacity) - corresponding to categories commonly used
in operational practice. Clustering was based on metrics
such as CPU utilisation, Random-Access Memory (RAM)
consumption, traffic throughput, and other indicators
collected for each node. Combining multiple metrics
or using a composite load metric is recommended to
capture a node’s true state more accurately. To evaluate
performance, three representative load-balancing strat-
egies were assessed: (1) Round-Robin (RR), (2) Adaptive
Threshold (AT), and (3) an FCM-based approach imple-
mented for the purposes of this study. The RR method
simply cycles through the servers when assigning new
tasks, without regard to current load. The AT method
resembled a typical cloud autoscaler: when a node’s
utilisation exceeded 85%, new tasks were redirected
until the level dropped below 60%, introducing hyster-
esis to maintain stability. The fuzzy controller read FCM
membership coefficients in real time and proportion-
ally shifted load from “heavy” to “light” nodes. To illus-
trate this, a 30 minute trace was split into five consec-
utive segments (marked by vertical dotted lines on the
plot): a smooth diurnaltype wave, short € 30 s spikes,
a2 15 min sustained peak, a flashcrowd surge of = 50%,
and a noisy interval with coefficient of variation 2 0.4.All
segments were replayed under three strategies: RR, AT
and FCM. Horizontal dashed lines show the #10% bal-
ance band. For each strategy the study recorded mean
response latency, the standard deviation of nodelevel
CPU load, and the number/size of migrations, along
with controller execution time per cycle.The FCM curve
appeared noticeably smoother, reflecting proportional,
not threshold-triggered, reassignments.
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A simulated enterprise-grade network was de-
ployed to evaluate the fuzzy load-balancing method.
The environment reproduced a typical corporate topol-
ogy within a virtual private cloud and relied exclusive-
ly on commodity x86-64 instances running Ubuntu
Server. System telemetry (CPU utilisation, RAM usage,
network throughput, and active process count) was
exported every 5 seconds from each host via the Pro-
metheus Node Exporter and subsequently stored in a
Prometheus time-series database. This configuration
mirrored the monitoring stack commonly found in me-
dium-to-large organisations while avoiding reliance on
vendor-specific hardware.

Prior to analysis, raw metrics were cleansed of
missing values, de-duplicated, and linearly scaled to the
interval [0, 1] using weekly minima and maxima. Each
host’s four normalised metrics were concatenated into
a feature vector; the arithmetic means of those met-
rics constituted a composite load index that simplified
subsequent decision logic. The FCM-algorithm (scikit-
fuzzy, Python 3.12) was applied to the feature vectors
to identify three operational clusters-low, medium and
high load. Model parameters followed standard prac-
tice (fuzziness exponent m=2.0; convergence tolerance
of 107°; maximum 300 iterations). For each host, the
output comprised a triplet of membership coefficients
summing to 1,thereby capturing transitional load states
rather than enforcing hard class assignments.

Rule-based control logic consumed the membership
coefficients in real time. If a host’s high-load member-
ship exceeded 0.70 and another host’s low-load mem-
bership exceeded 0.70, up to 30% of active sessions or
container workloads were migrated from the former
to the latter. For intermediate overloads (0.40-0.70),
the migration share was capped at 15%. Actions were
executed through standard orchestration interfaces:
Kubernetes Application Programming Interfaces (APIs)
for container placement and OpenFlow updates for
SDN paths, ensuring portability across on-premises
and cloud deployments. Validation employed synthet-
ic workload generators (stress-ng for CPU and memory
spikes; iperf3 for traffic bursts) to reproduce diurnal load
oscillations typical of a 1,000-node corporate fleet. Key
evaluation metrics included average response latency,
the standard deviation of node-level CPU usage, and
the frequency of task migrations.

The controller’s computational overhead was re-
corded during each monitor-cluster-act cycle. Specifi-
cally, the mean and 95% percentile execution time of
the FCM routine per cycle, the controller’s CPU/RAM us-
age, and the number of migration actions per cycle (as
an indirect overhead indicator) were measured. Execu-
tion time was captured via Python’s time.perf_counter,
while resource utilisation statistics were collected us-
ing Prometheus exporters. With N € 100 nodes, the cho-
sen parameters (m = 2.0; max_iter = 300) ensured that
clustering consistently completed within the polling
interval, confirming negligible computational overhead.

Unlike hard clustering - in which each element
was assigned to exactly one cluster - FCM computed a
membership coefficient for each element with respect
to every cluster and iteratively minimised a weight-
ed distance function to the cluster centres. Elements
near cluster boundaries therefore received interme-
diate membership values, whereas those that clearly
belonged to a given group obtained coefficients close
to 1 for that cluster and near O for the others. The
number of clusters was predetermined (here, three:
low/medium/high load) or selected on the basis of
domain knowledge and validation techniques. Two
primary performance metrics were measured: the av-
erage response time of requests (reflecting how well
the load was balanced, since overloaded nodes yield
higher latencies) and the balance of resource utilisa-
tion (the fraction of total resources left idle while oth-
er nodes were overloaded-lower is better). Qualitative
behaviours such as the occurrence of load oscillation
(thrashing) were also observed.

RESULTS AND DISCUSSION

To evaluate the effectiveness of the proposed fuzzy-
clustering load balancer, a network of N virtual ma-
chine nodes was simulated with time-varying traffic
generated by a mix of periodic fluctuations and bursty
spikes. Fuzzy clustering allows each object to belong
to several clusters concurrently, with a specific de-
gree of membership. In their work, researchers P. Hu et
al. (2024) introduced an improved FCM algorithm for
medical image segmentation and showed that adap-
tive objective-function tuning accelerates convergence
and enhances clustering accuracy. Building on that
idea, numerically optimised objective functions were
proposed (Bedalli et al., 2025) to address the classical
FCM’s sensitivity to overlapping clusters and irregular
densities, broadening its applicability to high-dimen-
sional data. Further performance boosts were reported
(Zhang & Huang, 2025), where particle swarm opti-
misation was combined with FCM to stabilise cluster
centres under noisy conditions. These contemporary
studies confirmed that FCMstyle fuzzy clustering re-
mains the predominant technique for soft partitioning
problems and provide modern methodological support
for its use in this load-balancing context.

Simulation results indicated that the fuzzy clus-
tering approach outperformed the classical schemes
on both performance metrics. Under peak load stress
tests, the average response time with fuzzy balancing
was approximately 20-30% lower than with RR. This
improvement resulted from more even utilisation of
the server pool: workload was proportionally shift-
ed away from the busiest nodes towards those with
spare capacity, preventing long queues from forming.
By contrast, RR ignored instantaneous load and there-
fore tended to overload some nodes while others re-
mained underused. Representative CPU traces are
shown in Figure 1.
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Figure 1. Node CPU load under three different balancing algorithms

Source: created by the authors

These findings were consistent with prior research;
for instance, A. Karimi et al. (2009) reported a =30.8%
reduction in response time when a fuzzy logic load bal-
ancer was used instead of round-robin in a distribut-
ed computing setting. Comparable improvements were
observed in the present experiments. A heterogeneous-
cloud study by B. Cheng et al. (2024) likewise showed
that a fuzzy logic, two-level load-scheduling framework
achieved higher throughput and reduced idle time com-
pared with both RR and basic random allocation. The
fuzzy controller in this study produced comparable ben-
efits: overall system throughput (tasks completed per
unit time) increased, and intervals in which idle CPU cy-
cles co-existed with busy CPUs were curtailed. In some
test runs, throughput rose by up to=22% relative to an
unmanaged baseline where each node processed tasks
independently until overload occurred. Consequently,
identical hardware handled a larger workload owing to
more efficient resource utilisation - an important gain
in operational efficiency. Another significant advantage
of the fuzzy clustering approach was stability. The AT
algorithm tended to exhibit oscillatory behaviour under
certain conditions. For example, when the upper utilisa-
tion threshold was set too low to increase responsive-
ness, a short-lived traffic spike triggered scale-out; once
the spike subsided, the same rule scaled in-only to scale
out again after another minor spike. This “flapping” be-
haviour, caused alternating scale-out/scale-in cycles in
Kubernetes Horizontal Pod Autoscalers and increased
scaling actions by roughly 35% compared with an adap-
tive RLdriven policy. In the conducted experiments, the
AT approach with fixed limits occasionally produced
cyclic task shuttling between nodes: after a node ex-
ceeded 85% CPU utilisation it stopped receiving new
tasks; once offloaded, utilisation dropped below 60%,
prompting reassignment, which pushed utilisation back
above 85%,and the cycle repeated. Such oscillations de-
graded performance through frequent context switches
and inconsistent response times. FCM behaved far more
smoothly: because decisions were proportional to the

Bulletin of Cherkasy State Technological University, Vol. 30, No. 3, 2025

degree of overload, a small, brief spike produced only a
mild change in membership values and did not trigger
drastic action. In one test, a sudden burst targeted a sin-
gle node for a very short interval; a high fixed threshold
failed to react in time, whereas a lower threshold would
have overreacted. The fuzzy controller registered only
a slight rise in “heavy-load” membership; as the value
remained modest, the controller waited, the spike sub-
sided, and no unnecessary migration occurred. Fuzzy
logic thus introduced a damping effect that filtered out
transient disturbances. Only sustained load changes
prompted stronger actions, consistent with control-the-
ory predictions that fuzzy controllers behave as lowpass
filters and avoid knee-jerk reactions to high-frequency
noise (Liu et al,, 2018).

Under prolonged peak loads, when certain nodes
remained heavily utilised for extended periods, the
fuzzy method readily identified this state-membership
values converged towards 1 in the “heavy” cluster-and
traffic was reallocated accordingly. By engaging all
available nodes, the system avoided overwhelming any
single server. In peak scenarios each node operated at
roughly 80-90% utilisation, rather than some running
at 100% while others idled at 40%. This balanced us-
age not only enhanced performance but also prolonged
hardware life by eliminating hot spots. A network
equipped with the fuzzy balancer therefore exhibited
higher performance and reliability than the alternatives.
More uniform server utilisation increased aggregate
throughput and lowered the likelihood of node failure
or bottlenecks caused by overload. Contemporary stud-
ies corroborated these observations: Y. Gao et al. (2022)
reported improved load distribution and reliability in
an integrated satellite-terrestrial network using fuzzy
logic balancing, while Y-J. Wu et al. (2024) achieved
more stable latency for ultrareliable low-latency traffic
in a 5G context through fuzzy-based dynamic routing.
Findings from the present data-centre experiments res-
onated with these results, underscoring the adaptabil-
ity of fuzzy logic without sacrificing stability.
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A stress scenario — an abrupt 50% surge in overall
traffic affecting all nodes (flashcrowd event) - illus-
trated further contrasts among the algorithms. The RR
allocator simply delivered additional tasks sequential-
ly; if the surge exceeded the capacity of slower nodes,
those nodes began dropping requests or accumulating
queues, leading to timeouts, and no mechanism in RR
exploited idle capacity elsewhere. The threshold-based
system diverted tasks once each node crossed 85% uti-
lisation; however, when every node breached the limit in
this fixed N configuration, the autoscaler had limited op-
tions and could oscillate around the threshold. The fuzzy
controller lacked a single cut-off, instead, membership
values for all nodes shifted towards “high”. If no spare
capacity remained, the controller at least distributed
overload evenly, maximising fairness and resource use.
Any residual imbalance-nodes slightly less loaded when
the surge arrived-was smoothed out by assigning addi-
tional tasks to the lighter nodes until equilibrium was
restored. Consequently, the fuzzy balancer functioned as
a proportional feedback controller, continuously adjust-
ing task assignments to equalise node loads, whereas
RR and threshold policies behaved more like open-loop
or on-off controllers with lower precision.

From a resource-utilisation perspective,a notable out-
come was that under fuzzy balancing virtually no nodes
remained idle while others were overloaded. In contrast,
with RR situations occurred where one server’s CPU was
maxed out and another’s was only 50% utilised-an evident
inefficiency. The AT approach improved on RR by eventu-
ally correcting such imbalances, yet it could still leave
resources under-utilised because the conservative hys-
teresis gap (60% lower threshold) intentionally preserved
headroom even when another node operated above 85%.
The fuzzy approach imposed no such hard gap; it lever-
aged all available capacity as membership values continu-
ously reflected it. However, it did not overcorrect and over-
load previously idle nodes: once a node’s load increased,
its “light” membership dropped and transfers slowed. This
self-regulating behaviour kept nodes in a “moderate”zone
most of the time-neither under-utilised nor thrashing at
maximum. Quantitatively, the standard deviation of node
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utilisations was lowest with fuzzy control (often rough-
ly half that of RR), indicating a tightly balanced system.
Maintaining nodes around 50-80% utilisation is generally
optimal for performance-per-watt and for absorbing new
surges,and also mitigates queuing delays that arise at ex-
tremely high loads.

It is also worth discussing the overhead and scal-
ability of FCM. The computational overhead of run-
ning FCM on each cycle was negligible in our tests
with N< 100, the FCM step completed well within the
monitoring interval. In scenarios with thousands of
nodes, hierarchical clustering or parallelisation could
be considered; nevertheless, fuzzy-clustering algo-
rithms have been applied efficiently to large datasets,
especially when only a single feature (the composite
load index) is used per node. The decision-making
logic (fuzzy rules) was very lightweight compared with
solving an optimisation problem (e.g., a mixed-integer
nonlinear programme aimed at minimising maximum
load) (Khan, 2024), approaches that are computation-
ally infeasible in real time for large systems. The fuzzy
method can therefore be viewed as an approximate,
heuristic solver for the load-distribution problem that
runs extremely quickly and adapts continuously. From
a development and maintenance standpoint, fuzzy sys-
tems remain interpretable: network administrators can
adjust fuzzy rules or membership thresholds to fine-
tune aggressiveness more intuitively than by tweaking
multiple static thresholds per node. This ease of con-
figuration is frequently emphasised as an advantage
of fuzzy controllers in Information Technology (IT) sys-
tems (Abadi & Mansouri, 2024). In the experiments, the
default configuration with symmetric treatment of all
nodes and the basic rules described performed well
across diverse scenarios without casespecific tuning.
This robustness arose because the clustering process
selfadjusted to prevailing conditions: for example,
when overall load was low, the centroids for “heavy”
and “moderate” clusters shifted to lower utilisation val-
ues, automatically increasing sensitivity, and vice versa.
Figure 2 illustrates an example of fuzzy clustering re-
sults for six nodes by load level.

Low Load (u%)

== Medium Load (u?)
== High Load (u?)

dall

00 Nodel Node 2

Node 3

Node 4 Node5 Node 6

Figure 2. Results of fuzzy clustering of six nodes by load level

Source: created by the authors
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Each node was represented by three bars indicat-
ing its membership degree in the low-load (left), me-
dium-load (centre) and high-load (right) clusters. The
diagram showed that some nodes clearly belonged to
a single category (one bar dominated), whereas others
displayed mixed membership values-a hallmark of the
fuzzy approach and essential for fine-grained loadbal-
ancing decisions. These membership scores were used
for automated control: nodes with high membership in
the “overloaded” group were targeted for relief (partial
task offloading), while nodes with strong “underload-
ed” membership were scheduled to receive additional
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workload. The process ran continuously as network con-
ditions evolved. Because decisions were based on fuzzy
degrees rather than crisp thresholds, the system was
more tolerant of small fluctuations. Minor load chang-
es only slightly adjusted membership values and did
not trigger drastic actions unless they accumulated to
a meaningful level, preventing the thrashing behaviour
typical of fixed-threshold policies. When significant im-
balances did emerge, the fuzzy system responded by
proportionally reallocating tasks, thereby averting se-
vere overloads. A quantitative comparison of all three
strategies is summarised in Table 1.

Table 1. Comparison of load-balancing strategies by key performance metrics

Strategy Mean response time (ms) Load balance (¥10% range) Stability
RR 200 63% No control (static allocation)
AT 180 ~80% Oscillatory (thrashing under spikes)
FCM 145 92% Stable (no oscillation)

Source: compiled by the authors

The simulations showed that the proposed fuzzy-
clustering balancer provided two principal advantag-
es: a 20-30% reduction in mean response time during
bursty and sustained traffic, and a markedly tighter
spread of CPU utilisation-about half the standard devi-
ation obtained with RR. Because task reallocation was
proportional to the degree of overload rather than trig-
gered by a fixed threshold, the controller damped short
spikes yet reacted swiftly to genuine shifts in demand.

These results agreed with recent literature. A fuzzy-
logic horizontal scaler for Kubernetes reduced latency
by 18-32% relative to the default pod autoscaler (Sil-
va et al., 2024), indicating that fuzzy membership rules
transfer well from container to VM environments with-
out extensive retuning. Alternative approaches based
on online learning could outperform static rules but at
higher cost. A RL agent trained on Google trace work-
loads eventually surpassed static policies, yet required
many training episodes and Graphics Processing Unit
resources (Qiu et al. 2023). In contrast, the heuristic
started cold and imposed negligible controller over-
head, making it attractive when training time or com-
pute budget was limited.

Edge-computing studies reported similar trends. A
bi-layer task-offloading model that blended load bal-
ancing with fuzzy security classification lowered a com-
bined cost metric (latency+risk) by 27% versus full-edge
execution and 46% versus local-only computing (Jin et
al. 2024). Although the objective differed, both works
showed that fuzzy sets provide finer discrimination
than crisp thresholds, allowing the system to exploit
every sliver of spare capacity without oscillation. Mo-
bile-edge clusters benefited as well. A fuzzy placement
engine reduced service failure incidents and improved
deployment time compared with integer-linear pro-
gramming baselines (Petrakis et al. 2024). Datacentre
experiments echoed this outcome: using continuous
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membership values prevented the “placement failure”
that arises when every node is labelled either full oridle.
Fuzzy reasoning also helped in nonterrestrial back-
bones. A scheduler for satellite-terrestrial integrated
networks kept link utilisation above 80% while reduc-
ing packet-delay variance by 25% relative to a reactive
policy (Gao et al. 2022). The stabilisation observed here-
no node fluctuated between 60% and 100%-paralleled
their finding that fuzzy controllers act as low-pass fil-
ters regardless of the medium. Explainability and cost
remained critical for Alcentric balancers. A survey of Al-
based schemes for SDN warned that deep models often
sacrifice transparency and impose high inference costs
(Alhilali & Montazerolghaem, 2023). The proposed
method addressed both issues: administrators could
read centroid shifts directly as what the system cur-
rently deemed “heavy”, and clustering completed well
within the monitoring interval even with 100 VMs.
Hybrid designs are now emerging. Combining Long
Short-Term Memory (LSTM) demand forecasts with a
fuzzy rule set in an loT SDN saved energy and reduced
controller overhead by translating raw utilisation fore-
casts into actionable load classes (Imanpour et al. 2025).
The findings similarly showed that fuzzy sets serve
as a convenient ‘glue” between quantitative signals
(CPU, RAM) and qualitative decisions (reroute, wait). A
two-level framework that employed fuzzy evaluation
in its inner loop improved request distribution by 13%
and lowered average wait time by 7.8% in heterogene-
ous clouds (Cheng et al. 2024). Although the gains were
smaller than those reported here, the workload mix
was highly variable, reinforcing the versatility of fuzzy
scoring across task types. Beyond balancing, fuzzy in-
ference is shaping 5G traffic engineering. A fuzzy logic
dynamic routing mechanism for ultrareliable low-laten-
cy traffic cut 95* percentile delay by 21% versus Open
Shortest Path First (OSPF) while keeping packet loss
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below 107> (Wu et al. 2024). Although routing differs
from task assignment, both problems hinge on propor-
tional, noise-tolerant control - the hallmark of fuzzy sets.

Finally, a fuzzy delay-bandwidth guaranteed rout-
ing algorithm for SDN (FDBGR) demonstrated lower av-
erage delay (=48 ms) and better load distribution than
several state-of-the-art schemes. A hybrid probabilistic
cellular automaton-Markov decision process (PCA-MDP)
scheduler achieved lower load variance and faster con-
vergence than RR and threshold baselines in edge net-
works. By contrast,the proposed balancer was cold-start
ready: FCM produced reasonable partitions immediate-
ly, a crucial feature for elastic or freshly bootstrapped
clusters. The FCM clustering module is integrated into
a continuous monitoring-and-control loop for load bal-
ancing. The system repeats the following stages.

Data clustering - the controller feeds the normal-
ised metrics into an enhanced FCM algorithm; P. Hu et
al. (2024) showed that adaptive FCM improves conver-
gence on non-stationary load traces, while E. Bedalli et
al. (2025) demonstrated that numerical objective-func-
tion tuning yields crisper light/medium/heavy member-
ships in cloud datasets. Detection of anomalies and crit-
ical states - using the three membership degrees, nodes
whose heavy value exceeds 0.8 are flagged as overload
candidates; a threshold first proposed for noisy traffic
by J. Zhang & S-L. Huang (2025). Decision-making and
load redistribution - if overload is detected, the SDN
controller rewrites flow tables to offload traffic onto
under-utilised clusters, following the horizontal autos-
caling strategy of A. LlorensCarrodeguas et al. (2021); in
virtualised clouds the same rule triggers live VM migra-
tion as outlined by B. Moura et al. (2022). Information
refresh and loop repetition. After each redistribution,
the loop returns to monitoring, gathers updated met-
rics, reclusters the data and issues new balancing ac-
tions. Continuous adaptation maintains efficient work-
load distribution. A. Alakeel (2016) shows that a fuzzy
control loop partitions nodes into linguistic load levels
and, through continuous membership grades, quanti-
fies transitional states; when one node exhibits high
membership in the heavy-load set while another shows
low membership, jobs are shifted proportionally-elimi-
nating hard cutoffs and needless migrations. Scientists
D.Li et al. (2021) extend this idea in an edge-loT micro-
service platform: CPU / memory utilisation is grouped
into low, medium, and high clusters, and resources are
scaled without rigid thresholds. Normalisation of fuzzy
memberships (they always sum to 1) is a core proper-
ty of FCM and its modern variants; S. Zhu et al. (2024)
formalised this in their double constraint FCM, guaran-
teeing that a vector such as 0.60/0.35/0.05 succinctly
encodes uncertainty that rule-based logic can exploit.

In summary, the experimental evaluation con-
firmed that the fuzzy clustering load-balancing method
achieved more even resource utilisation, reduced over-
load occurrences, and greater stability compared with
standard methods. These improvements were obtained

without a significant complexity penalty. The method
scaled to reasonably large systems and was compatible
with modern network-management frameworks. The
findings underscored a broader trend in the field: incor-
porating Al techniques (such as fuzzy logic or learning-
based controllers) into network resource management
yields tangible gains in performance and resilience
(Vashistha et al. 2022). The proposed fuzzy balancer rep-
resented a step in this direction, leveraging decadesold
fuzzy logic principles in a new context of cloud-native
and SDNdriven networks - a trend confirmed by the re-
cent survey of D. Kreutz et al. (2015), who catalogued
Alenhanced control loops as a key research frontier in
software-defined infrastructures.

The approach presented in this paper dispensed
with fixed thresholds and instead leveraged the “fuzzy”
boundaries between load states. Degrees of member-
ship were assigned to nodes in low, medium, or high
load categories, and these membership values were
incorporated into traffic-routing decisions. The central
hypothesis was that this FCM load balancer would dis-
tribute workloads more evenly and react more graceful-
ly to surges or drops in demand than conventional RR
or static threshold algorithms such as AT.

CONCLUSIONS

This work presents a network load balancing method
based on fuzzy clustering that dynamically redistrib-
utes traffic among nodes according to their utilisation
levels. The approach integrates real-time monitoring
of network metrics with a FCM clustering algorithm
and a fuzzy decision module for intelligent traffic
redirection. By replacing rigid utilisation thresholds
with gradual, “fuzzy” classifications of node load
states, the method avoids abrupt switching and os-
cillatory behaviour, resulting in smoother and more
adaptive traffic management.

Simulations demonstrated that the fuzzy cluster-
ing-based balancer consistently outperformed classical
policies such as round-robin and static thresholds. It
achieved more even load distribution, reduced average
response delays, and suppressed transient load spikes
that typically lead to instability. The system maintained
node CPU utilisation within a narrow variance band
(#10% for most intervals) and prevented individual
nodes from becoming bottlenecks under stress. Impor-
tantly, it leveraged idle capacity to improve overall re-
source usage while remaining robust to measurement
errors up to 5%, as confirmed by sensitivity checks. A key
advantage of the proposed method is its lightweight
and interpretable nature, offering a viable alternative
to more complex learning-based schedulers. Its ability
to gracefully manage uncertainty and adapt to variabil-
ity makes it well-suited for modern network environ-
ments, where unpredictability is common. The linear re-
lationship between the number of clusters and system
stability identified four clusters as a practical optimum,
balancing performance and control granularity.

Bulletin of Cherkasy State Technological University, Vol. 30, No. 3, 2025



D. Kulchytskyi & Ye. Zhukov

This fuzzy clustering strategy can be embedded autonomous management across geo-distributed cloud
into production-grade cloud or SDN controllers to  or NFV infrastructures.
enhance service reliability under volatile workloads.
Looking forward, future research should explore hy- ACKNOWLEDGEMENTS
brid clustering techniques augmented with predictive  None.
modules (e.g., LSTM-based demand forecasts) to ena-
ble proactive balancing. Another promising direction is FUNDING
the integration of energy-aware rules for consolidat- None.
ing workloads and placing idle nodes into low-power
states. Lastly, developing hierarchical or multi-agent CONFLICT OF INTEREST
versions of the controller could enable scalable, None.
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AHnotauis. CTpiMke 3pOCTaHH$ iHTEPAKTUBHOIO Bifeo, NNaTPopM AOMNOBHEHOT Ta BipTyanbHOI peanbHOCT M IHTepHeTy
peyein pi3Ko MiABULLYE BUMOIU [0 FHYYKOro pO3MOAiNY MEPEXEBOro HaBaHTaXeHHS. KnacuyHi cTaTuyHi anroputmu
HanaHcyBaHHA He BCTUTAKOTb pearyBaTi Ha LWBMAKY 3MiHY TpapikoBMX Npodinis, WO CNPUYMHSE NEPEBAHTAXKEHHS
OKpeMux By3niB. MeToto poboTu Byno cTBOpUTH Ta NepeBipuTM eeKTUBHICTb 3AaNTUBHOMO anropuTMy BanaHcyBaHHs,
3aCHOBAHOIO HA HEYiTKOMY rpynyBaHHi CTaHiB cepsepiB. MeToa40N0rYHO BUKOPUCTAHO HEYiTKy Knactepusauito
Fuzzy C-Means i3 popMyBaHHAM HeYiTKMX NpaBwn, iMiTaliiHe MoaentoBaHHs Mepexi 3i 100 cepepamu, CTaTUCTUUHE
NOPIBHSIHHS CTPATEri 38 METPUKAMM 3aBAHTAXEHOCTI, Yacy BigNoOBiAi Ta BUKOPUCTAHHS pecypcCiB, aHani3 koedilieHTa
BapiaLii Tpadiky ¥ NiHIAHOI 3aNeXHOCTi KiNbKICTb KNAcTepiB — CTabiNbHICTb», @ TAKOX YYTMBUIA aHani3 40 NOXMBOK
BMMIiptoBaHHA (£ 5 %) CNpoeKTOBaHO MOAYNbHY CUCTEMY 3 MiACUCTEMAMU MOHITOPUHIY, HEYITKOT Knactepusauii
MetopoM Fuzzy C-Means i pywis npuitHaTTa pileHb. [IpoBeaeHo iMiTauiiHe MogentoBaHHs Mepexi 3i 100 cepsepamu
Ta YaCOBO 3MiHHMM HABAHTAXEHHSM; CTaTUCTUYHO NOPIBHAHO TPW CTpaTerii: Kpyrose onuUTyBaHHS, 4BONOPOroBUiA
aBTOCKEWNIHT i po3pobneHnii HeYiTKO KnacTepHuid niaxia. BctaHoBneHo, Wo 3anponoHOBaHMI anropuTM 3MEHLLYE
CepenHE BioXUNIEHHS 3aBaHTaXEHOCTi By3/iB y 1,5 pa3a nopiBHAHO 3 4BOMNOPOroBUM aBTOCKEMAIHIOM. Y MiKOBI
nepioau yac Bignoeigi cuctemu ckopotmecs 3 180 po 145 mc, a cepeflHE BUKOPUCTaHHS pecypciB 3pocsio 3 68 no
85 %. AHani3 koediuieHTa Bapiauii Tpadiky nokasas, Wo 3a 3Ha4yeHb noHas 0,4 HOBMIM MeTOA YTPUMYE HAaBaHTAXKEHHS
y Mexax £10 % nns 92 % cnoctepexkeHb, TOA| K KPYroBe ONUTYBaHHS BUXOAMTb 33 MeXi y 37 % Bunagkis. BussneHo
NiHIAHY 3aN@XHICTb MiX KiNbKiCTIO KnacTepiB i CTabinbHICTIO po3noainy; oNnTUMMaNbHUM CTAN0 3HAYEHHS YOTUPU
knactepu. HeuiTki npaBmna ycyBatTb pi3ki KonnBaHHS Tpadiky nicns cnaeckis nonuTy Ta 3abe3nedvyioTb NaaBHe
nepeHanpaBfieHHs NOTOKiB. AHaNi3 YyTIMBOCTI LOBIB, WO NOXMOKAa BUMiplOBaHHSA MeTPUK A0 5 % He BNIMBAE Ha
KOPEKTHICTb piweHb. lMobyaoBaHa apxiTekTypa AeMOHCTPYE cTabinbHy poboTy Npu HecniBMipHOMY 3poCTaHHi Tpadiky
Ha okpeMux cepsepax. [opiBHAHHA 3 TPAAMLIMHUMM METOAAMM NiATBEPAMAO NepeBary 3anpornoHOBaHOMo NiAxXoay 3a
BCiMa OLiHEHMMM MOKa3HMKaMM NPOAYKTUBHOCTI 1 CTilikocTi. Po3pobneHy cucteMy MOXYTb YNpOBaAXyBaTH oneparopu
[aTa LeHTpiB i XMapHMX NnathopM ANs NiABULLEHHS HAAIMHOCTI NOCAYr i3 HenepeabayyBaHWM HAaBaHTAXKEHHAM

KniouoBi cnoBa: KOMM'IOTEPHI Mepexi; HOpMani3awisa 3aBaHTAXEHOCTI cepBepiB; YyNpaBiHHA 3MiHHUM TpadikoMm;
Fuzzy C-Means; aganTuBHi anropuTMu; WTYYHWUI IHTENEKT; MEPEXeBi BY3/u
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