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ABSTRACT The article proposes a method of multi-objective optimization of complex signal ensembles based on the evolutionary
algorithm E-LPT-MOEA/D, which combines logarithmic time-segment permutations (LPT) with the task decomposition principle in
a multi-objective evolutionary optimization framework. Unlike existing approaches, the method introduces adaptive interaction
between the working population and the external Pareto archive, ensuring consistent updating of the solution set and
convergence stability under stochastic perturbations. A modified genetic algorithm has been developed that incorporates
entropy-weighted adjustment of weighting coefficients, flexible task delegation, and dynamic mutation control. This integration
maintains a balance between exploration and exploitation, prevents premature convergence, and preserves the diversity of signal
ensembles. The mathematical model includes objective functions representing the mean cross-correlation coefficient, integrated
side-lobe level, variance of signal energy, and structural uniformity index. The optimization quality was evaluated using
hypervolume (IH), inverted generational distance (IGD), and correlation deviation (Ap) indicators. Experimental simulations were
conducted in both normalized and absolute modes for various signal-to-noise ratios (10—25 dB) and time-segmentation
parameters (t=0.3-1.0). The obtained results confirm the advantages of the proposed method, including a 20-30%
improvement in convergence speed, a 15 — 25 % increase in stability, and a 30 — 40 % reduction in the amplitude of hypervolume
difference (AH) oscillations between the archive and the population. It has been proven that integrating the external archive
mechanism with internal time-domain signal permutation ensures more uniform Pareto front coverage and enhances the
structural balance of signal ensembles. As a result, the E-LPT-MOEA/D algorithm provides rapid adaptation to changing
optimization conditions, resistance to interference, and scalability with increasing problem dimensionality. The proposed method
can be effectively applied to the optimization of signal formation and processing processes in cognitive telecommunication
environments, particularly in the development of dynamic spectrum monitoring systems, distributed communication networks,
and energy-efficient data transmission protocols.
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I. INTRODUCTION

n modern telecommunication networks, operation

occurs in dynamic and noise-prone environments

where the stability of signal transmission depends on
maintaining structural balance and minimizing correlation
between signal ensembles.

In such conditions, evolutionary and multi-objective
optimization methods play a key role in improving
adaptability and robustness of signal formation
mechanisms. However, existing algorithms often exhibit
slow convergence, local oscillations, and instability under
stochastic perturbations, especially when dealing with
complex time-domain signal structures.

Recent research has shown that integrating time-
segment permutation techniques with multi-objective
evolutionary optimization can significantly enhance
signal diversity and correlation control. Approaches based
on decomposition frameworks such as MOEA/D have
demonstrated the ability to improve convergence and
Pareto front coverage. Nevertheless, most of these
methods remain limited in synchronizing population

dynamics with external archives and do not account for
the structural variability of signals in real-time
optimization processes.

The increasing complexity of  cognitive
telecommunication environments requires optimization
methods that can simultaneously ensure high convergence
speed, energy uniformity, and structural stability.
Therefore, this study proposes a modified multi-objective
evolutionary algorithm named E-LPT-MOEA/D, which
integrates logarithmic time-segment permutations (LPT)
with the decomposition principle of MOEA/D and an
adaptive feedback mechanism from an external archive.

The proposed approach aims to maintain balance
between exploration and exploitation, improve
synchronization between the evolving population and the
Pareto archive, and stabilize convergence under stochastic
conditions. By optimizing signal ensembles according to
correlation, energy, and structural criteria, the E-LPT-
MOEA/D algorithm provides a scalable and adaptive
solution for multi-criteria optimization tasks in cognitive
telecommunication environments.
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Il. REVIEW OF THE LITERATURE

Recent studies [1-15] demonstrate significant progress
in evolutionary and multi-objective optimization methods
applied to signal modeling and telecommunication
systems.

In [1], an evolutionary approach to data stream
distribution was proposed, while [2] introduced the
concept of an external archive that improves Pareto
diversity and convergence control. However, these studies
did not consider the influence of stochastic perturbations
or non-stationary dynamics typical for real-time
telecommunication environments.

Research works [3-5] investigated the formation of
complex signal ensembles through time-segment and
frequency-element permutations to enhance correlation
and structural uniformity. Yet, these approaches lacked
mechanisms for adaptive regulation of permutation
strategies and did not ensure convergence stability when
ensemble parameters changed dynamically.

A hybrid evolutionary approach for non-stationary
signal segmentation was presented in [6], and [7] applied
genetic  algorithms to improve cognitive radio
performance.

Nevertheless, these methods primarily focused on
global optimization efficiency without addressing local
synchronization between evolving populations and
external archives.

Further developments of decomposition-based
algorithms such as MOEA/D and NSGA-II were reported
in [9-15], focusing on constrained optimization,
scalability, and integration with domain-specific
knowledge. Although they demonstrated strong
convergence properties, they remained limited in
balancing exploration and exploitation when handling
structurally complex signal ensembles under noisy
conditions.

Therefore, despite extensive research, the issue of
achieving both convergence stability and structural
balance in ensemble optimization remains unresolved.
This motivates the development of an enhanced method
that combines LPT-based time-segment permutations
with the MOEA/D decomposition mechanism, forming
the scientific novelty of this study.

Ill. THE MATERIALS AND METHODS

To achieve the goal of developing a robust optimization
approach for forming ensembles of complex signals under
stochastic and structural variability, a modified multi-
objective evolutionary algorithm E-LPT-MOEA/D was
designed.

The proposed method integrates the LPT model with the
decomposition mechanism of MOEA/D, extending it
through adaptive weighting, flexible task delegation, and
dynamic mutation control.

The algorithmic workflow is illustrated in Fig. 1, while
its main functional stages are described below.

1. Initialization of Parameters

The algorithm begins by defining the population size
N, number of generations Tmax, and genetic operators —
crossover and mutation probabilities Pc, Pm. The number
of time segments 7: and the number of subproblems L are
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set according to the complexity of the ensemble. Each
subproblem corresponds to a specific temporal
permutation of the signal sequence:

Py = {my, s, ..., Ty}, Wilty,ta, ., te] €))

2. Generation of the Initial Population.

The initial population Py is formed using random and
LPT-based permutations to ensure both diversity and
structural uniformity at the initial stage.

Each individual m; represents a possible time-segment
configuration within the ensemble.

3. Formation of Local Subproblems.

Following the MOEA/D paradigm, the global multi-
objective optimization problem is decomposed into L
subproblems, each optimized using a weight vector wi.

The local objective for subproblem [ is formulated as:

F, = min[pmean ISL.Var(E), U(m,)], ()
IT!-

where ppean is the mean cross-correlation coefficient; ISL
is the integrated side-lobe level; Var(E) is the variance of
signal energy, and U(7t;) is the structural uniformity index.
4. Evaluation of Objective Functions.
For each individual m;, the multi-objective fitness
vector is computed:

Fitness (Hi) = [pmean (Hi): VG-T(E) (}T;-), U(Hi)]- (3)

The Pareto dominance relation is applied to determine
the relative performance among solutions.

5. Non-dominated Ranking and Selection.

The population P, is ranked according to Pareto
dominance and diversity preservation criteria.

Dominant solutions are transferred to the external
archive A.

6. Stopping Conditions

Two termination criteria are introduced:

1. Tteration limit: T = Ty

2. Equilibrium condition among subproblems:
mIaxLI — L* < &, where L; is the local fitness balance of

subproblem L.

7. Generation of Offspring.

New offspring population Qt is generated using
crossover, mutation, and time-segment uniqueness
operators.

The LPT-based encoding ensures that each child
maintains the structural integrity of the signal ensemble.

8 — 12. Adaptive Control Mechanisms.

The key modifications introduced in this work
include:

— Flexible Task Delegation. When local entropy
exceeds a defined threshold, part of the subproblem’s load
is transferred to neighbors, balancing computational effort.

— Population Merging and Ranking. Offspring and
parent populations are merged (St=PtUQt) and re-ranked
based on neighboring subproblem improvements.

— Adaptive Weight Adjustment. Weight coefficients
a, f, A, p in the objective functions are updated
dynamically:

a,f, A« f(Ap,AE, AU), @)
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ensuring the method’s responsiveness to signal ensemble
changes.

— Adaptive Mutation and Selection. Mutation rate
increases when instability or high correlation is detected.

13. Output.

Upon convergence, the algorithm produces a Pareto-
optimal task distribution, representing balanced
ensembles of complex signals optimized for correlation,
energy uniformity, and structural stability.

This outcome reflects the ability of the modified E-
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FIG. 1. E-LPT-MOEA/D (Entropy-based LPT-Permutation MOEA/D).

IV. EXPERIMENTS

To verify the performance and convergence stability
of the proposed E-LPT-MOEA/D algorithm, a series of
comparative experiments was conducted. The evaluation
was carried out with respect to three key indicators
commonly used in multi-objective optimization:
hypervolume, inverted generational distance (IGD), and
correlation deviation [2, 4, 7].

The experiments were performed in two modes —
normalized and absolute, to assess both the relative and
real-scale efficiency of the algorithm when forming
ensembles of complex signals with different temporal and
structural parameters.

In addition, the study aimed to identify how the
integration of time-segment permutation logic and
evolutionary task decomposition influences the overall
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convergence dynamics and internal stability of the
optimization process.

The mean and standard deviation values obtained for
each metric are summarized in Table 1 and Table 2, while
Fig. 2 illustrates the overall convergence behavior of the
compared algorithms in both evaluation regimes.

As shown in Tables 1 — 2 and Figure 2, the normalized
evaluation (t=0.3) made it possible to analyze the
convergence indicators on a relative scale, where all
values of hypervolume (1), inverted generational distance
(I6p), and correlation deviation (Ap) were normalized to
the range [0, 1]. This approach allowed a generalized
comparison of algorithm performance regardless of signal
energy or ensemble size, which is particularly important
for time-domain permutations with different levels of
structural order.
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TABLE 1. Mean and Standard Deviation Values of In, Iep and Ap (Normalized Results (t = 0.3)).

Algorithm In(mean) In(std) Igp(mean) Iep(std) Ap(mean) Ap(std)
LPT-TP 0.523 0.010 0.412 0.012 0.097 0.006
MOEA/D 0.607 0.009 0.308 0.009 0.061 0.004
E-LPT-MOEA/D 0.683 0.007 0.259 0.007 0.042 0.003
TABLE 2. Mean and Standard Deviation Values of In, Iep and Ap (Absolute Results).
Algorithm In(mean) In(std) Igp(mean) Iep(std) Ap(mean) Ap(std)
LPT-TP 0.5500 0.0112 0.3950 0.0108 0.0890 0.0051
MOEA/D 0.7800 0.0086 0.2800 0.0081 0.0570 0.0038
E-LPT-MOEA/D 0.9200 0.0079 0.2400 0.0073 0.0400 0.0029
1.0 Normalized results (T = 0.3) i Absolute results
' LPT-TP
MOEA/D

. 0.8 —— E-LPT-MOEA/D .
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FIG. 2. Convergence of Hypervolume (mean): normalized vs absolute results.

In contrast, the absolute evaluation considered real-
scale quality function values, including the full Pareto
hypervolume, thus allowing the assessment of actual
algorithm efficiency under specific energy and structural
conditions of the signal ensembles. The obtained results
confirm that under both evaluation modes, the modified
genetic algorithm E-LPT-MOEA/D demonstrates the
most stable convergence.

In the normalized mode, it outperforms LPT-TP by
approximately 12% and MOEA/D by about 8% in terms
of hypervolume, while in the absolute mode it achieves Iy
=0.92, Igp = 0.24, and 4p = 0.04. These results show that
even in real scale, the proposed integration of LPT-based
time-segment permutations with the task-decomposition
mechanism of MOEA/D within the modified genetic
optimization framework ensures stable convergence and
low sensitivity to variations in the energy and structural
characteristics of the signal ensemble.

Overall, the comparative analysis confirms the
reliability and adaptability of the E-LPT-MOEA/D
algorithm in solving multi-criteria optimization problems
for complex signal ensembles in  cognitive
telecommunication environments.

To further analyze the convergence dynamics in
greater detail, additional experiments were conducted to
study the evolution of the hypervolume difference
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between the external archive (4) and the working
population (P), defined as:

AH = H,(A) — H,(P), )

where AH denotes the hypervolume difference, Hr(4) is

the hypervolume of the external archive containing
Pareto-optimal solutions, and H;(P) is the hypervolume

of the current working population.

This metric reflects the synchronization process
between the archive of Pareto-optimal solutions and the
current population during evolutionary optimization.

Unlike integral convergence measures such as Iy or
Iep, AH, which evaluate global convergence quality at the
end of evolution, AH captures transient changes in the
optimization process and thus provides a more sensitive
assessment of convergence stability.

A small or rapidly decreasing 4H indicates that the
search process effectively aligns the working population
with the external archive, ensuring consistent solution
quality and reduced fluctuation amplitude between
generations.

In contrast, large oscillations of 4H reveal unbalanced
search dynamics, where population updates are poorly
synchronized with archive refinement, potentially leading
to delayed convergence or premature stagnation.
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TABLE 3. Summary of 4H evolution for E-LPT-MOEA/D, MOEA/D and LPT-TP algorithms.

Experimental condition Algorithm Peak AH  AH after 500 gen  Gen. to 95 % peak
(a)t=0.3,SNR=10dB LPT-TP 0.0221 0.0203 170
MOEA/D 0.0186 0.0172 130
E-LPT-MOEA/D 0.0158 0.0151 90
(b)T=0.5,SNR=15dB LPT-TP 0.0244 0.0229 180
MOEA/D 0.0203 0.0187 150
E-LPT-MOEA/D 0.0172 0.0164 100
(c)t=0.7, SNR =20 dB LPT-TP 0.0200 0.0186 190
MOEA/D 0.0161 0.0150 150
E-LPT-MOEA/D 0.0132 0.0127 110
(d)t=1.0,SNR=25dB LPT-TP 0.0181 0.0170 200
MOEA/D 0.0142 0.0136 160
E-LPT-MOEA/D 0.0118 0.0113 120
2 (a) T=0.3,SNR = 10 dB 2 {(b) T = 0.5, SNR = 15 dB
© [1v]
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FIG. 3. 4H evolution under different SNR and t conditions.

Four experimental cases were modeled with different
signal-to-noise ratios (SNR =10 —25 dB) and temporal-
segmentation parameters (t1=0.3—-1.0) to simulate
diverse operating conditions typical of cognitive
telecommunication environments.

Each curve in Fig. 3 shows the evolution of AH across
generations for three algorithms: E-LPT-MOEA/D,
MOEA/D, and LPT-TP. The initial phase corresponds to
a rapid increase in the archive—population difference due
to the expansion of the search space, while the subsequent
oscillations indicate adaptive synchronization between
exploration and exploitation.

As shown in Table 3 and Fig. 3, the proposed E-LPT-
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MOEA/D algorithm demonstrates faster and smoother
convergence compared with MOEA/D and LPT-TP
across all experimental conditions.

At 1=0.3 and SNR =10dB, the algorithm reaches
95% of the peak AH wvalue after only about 90
generations, while MOEA/D and LPT-TP require
approximately 130 and 170 generations, respectively.

A similar trend is observed for higher noise levels: the
modified genetic optimization approach consistently
achieves lower final AH wvalues (0.011-0.016) and
reduced oscillation amplitude, indicating greater internal
stability and more efficient synchronization between the
population and the external archive.
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Overall, the E-LPT-MOEA/D outperforms the
reference algorithms by 20 —30 % in convergence speed
and by 15 — 25 % in stability, confirming its effectiveness
under various noise and segmentation conditions.

The following experiment focuses on analyzing how
individual subproblems contribute to the overall
optimization process and how stable this contribution
remains under stochastic perturbations. The goal is to
evaluate the internal balance and adaptability of the
proposed E-LPT-MOEA/D algorithm by observing the
activity dynamics of subproblems and the influence of the
external archive on their behavior.

This stage of the study makes it possible to determine
whether the superior convergence of the algorithm results
from a more coordinated exchange of information between
subproblems and the archive, ensuring consistent formation
of the Pareto-optimal front across iterations (Fig. 4).

Fig. 4 schematically illustrates the interaction of
subproblems Ai—As with the external archive A during the
evolutionary multi-objective optimization of complex signal
ensembles. The archive stores the current set of Pareto-
optimal ensembles, which are formed according to two
criteria: energy deviation (fi) and correlation variance (f2).

The subproblems receive feedback from the archive in
the form of information about solution diversity and
quality, which allows them to dynamically rearrange the
time-segment permutations 11—ts of the signals.

As a result, the external archive guides the search
toward regions of the Pareto front where a deficit of

A External
X / archive

signal segment 1 —>| | | _i/

signal segment n L > J

FIG. 4. Effect of the external archive on signal time-
segment permutation (E-LPT-MOEA/D).

solutions is observed, ensuring:

—a  balanced distribution  of
permutations;

— a reduction of energy deviations;

— stabilization of ensemble structure.

Thus, the E-LPT-MOEA/D algorithm combines the
informational feedback of the archive with the internal
time-domain permutation mechanism, enhancing the
algorithm’s adaptability and ensuring a uniform coverage
of the Pareto front.

The quantitative characteristics of the external
archive’s influence are summarized in Table 4.

time-segment

TABLE 4. Characteristics of the external archive’s influence in the E-LPT-MOEA/D algorithm.

Interaction element

Role in the optimization process

Expected effect Quantitative indicator

External archive A

subproblems

Generate partial time-segment
permutations of the signal
Local restructuring of signal

Subproblems Ai—As

Time-segment

permutations Ti—Ts

Feedback flow Transfers information about

underrepresented regions of the

Pareto front

Pareto front F*
ensembles

Interaction element

Stores the best signal ensembles and
transmits diversity information to

segments under archive feedback

Represents the set of balanced signal

Role in the optimization process

Increases the diversity
of Pareto solutions

Ap | 35-40 %

Balanced contribution
of subproblems
Reduction of energy
deviations

Directed search and
avoidance of local
minima

Improved stability and
noise resistance
Expected effect

Activity 1 42—78 %
Var(E) | 30-35 %

IGD | 25-30 %

IH 1 12-15 %

Quantitative indicator

After analyzing the influence of the external archive
and its feedback on time-segment permutations (Table 4,
Fig. 4), the next stage of the research focuses on assessing
the internal stability and coordination mechanisms of the
optimization process.

This experiment aims to quantify how uniformly
individual subproblems contribute to the construction of
the Pareto front and how their activity evolves in the
presence of stochastic perturbations. To achieve this, the
behavior of subproblems Ai—As was monitored throughout
the evolutionary process, and the number of non-
dominated solutions contributed by each subproblem to
the external archive was statistically analyzed.

This allowed for evaluating the degree of load
balance, synchronization, and adaptability between
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subproblems and the archive.

The experimental results are summarized in Table 5
and illustrated in Fig. 5, which presents the distribution of
non-dominated solutions generated by individual
subproblems during the optimization of complex signal
ensembles.

The red curves correspond to the baseline MOEA/D
algorithm, while the black curves represent the proposed
E-LPT-MOEA/D,  which integrates  logarithmic-
permutation modeling of time segments toward regions of
the Pareto front where a deficit of toward regions of the
Pareto front where a deficit of into the multi-objective
optimization process. Each curve shows the contribution
dynamics of a specific subproblem to the external Pareto
archive during the final optimization iterations.
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TABLE 5. Statistical evaluation of subproblem contributions for MOEA/D and E-LPT-MOEA/D.

Experimental Active Mean Std dev (6) Coefficient of A improvement
condition Algorithm subproblems contribution of variation CV (E-LPT vs
(%) (counts) contribution (%) MOEA/D)
(a) Cu=80/R =800 MOEA/D 41.7 17.2 10.3 59.8 -
E-LPT- 77.8 25.6 6.1 23.8 +36.1 pp active,
MOEA/D -36%ac
(b) Cu=100/R=1000 MOEA/D 45.2 19.0 9.8 51.6 -
E-LPT- 79.3 26.9 6.3 23.4 +34.1 pp,
MOEA/D -35%¢c
(¢)c=200/c=2 MOEA/D 43.8 154 8.7 56.5 -
E-LPT- 75.1 22.7 5.9 26.0 +31.3 pp,
MOEA/D -32%o0c
(d)c=300/6=2 MOEA/D 39.5 16.1 9.9 61.5 -
E-LPT- 78.0 24.8 6.2 25.0 +38.5 pp,
MOEA/D -36%c
100 Ha) (b) He) Hd)
9 75
=
3 50 s
v
: 14,
%50 100 150 0 50 100 150 200 O 25 50 75 100 0O 25 50 75 100
index of subproblem index of subproblem index of subproblem index of subproblem
(a) (b) (c) (d)
80 r F
260
c
8 a0} i !
20t WVMMN\
O 50 100 150 0 50 100 150 200 O 25 50 75 100 0 25 50 75 100

index of subproblem index of subproblem

index of subproblem index of subproblem

FIG. 5. Subproblem activity distribution during optimization of complex signal ensembles.

The simulation incorporates a stochastic component
(noise) that reflects the inherent randomness of the
evolutionary search process.

The oscillations observed in the curves are caused by
fluctuations in subproblem contributions during
population adaptation and by temporal segment
permutations of signals, which modify the ensemble
structure in each generation.

This stochastic perturbation allows for an assessment
of the algorithm’s robustness to variations in optimization
conditions and demonstrates its realistic behavior under
random influences.

As shown in Fig. 5, the baseline algorithm (red plots)
exhibits irregular subproblem activity characterized by
isolated peaks and inactive intervals, indicating a
localized concentration of the search within narrow
parameter ranges and a consequent loss of diversity in
ensemble formation.

In contrast, the proposed E-LPT-MOEA/D (black
curves) demonstrates smoother and more uniform activity
profiles, suggesting Dbetter coordination between
subproblems and a more consistent propagation of
improvements through the population. The reduction of
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abrupt oscillations indicates that the adaptive weighting
and entropy-based feedback mechanisms successfully
balance local and global search processes.

This stable distribution of subproblem contributions
also reflects the enhanced information exchange between
the external archive and the working population,
preventing premature convergence and maintaining
diversity across iterations.

Quantitatively, the proportion of active subproblems
increased from approximately 42 % to 78 %, while the
variance of their contribution decreased by 35 —40 %,
confirming improved equilibrium and robustness of the
optimization dynamics.

V. CONCLUSION

The results of the conducted experimental study
confirm that the proposed E-LPT-MOEA/D method,
based on entropy-weighted time-segment permutations
and a modified genetic optimization mechanism, ensures
faster convergence, higher internal stability, and improved
diversity of Pareto-optimal ensembles compared with the
reference methods.

Through the integration of the LPT-based temporal
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modeling and the multi-objective task-decomposition
approach of MOEA/D, the method -effectively
synchronizes the external archive and the working
population, maintaining robustness under stochastic
perturbations and varying noise levels (10 — 25 dB).

The normalized and  absolute  evaluations
demonstrated consistent improvements of 20 —30 % in
convergence speed and 15 —25 % in stability, while the
AH-based analysis revealed a faster synchronization
between the external archive and the working population,
characterized by a shorter transient phase and smaller
amplitude of oscillations across generations.

This indicates that the proposed algorithm maintains a
stable equilibrium between exploration and exploitation,
effectively preventing premature convergence and
ensuring smoother adaptation of subproblems during
evolutionary search.

The study achieved the following scientific outcomes:

1. A modified evolutionary optimization method was
developed that integrates logarithmic-permutation
modeling with entropy-based feedback from an external
archive.

2. Analytical and experimental verification confirmed
the method’s robustness under noise and dynamic
segmentation parameters.

3. Quantitative performance assessment showed
superior Pareto-front coverage and enhanced ensemble
formation balance.

Overall, the proposed E-LPT-MOEA/D method
provides a reliable and adaptive solution for multi-
objective optimization of complex signal ensembles in
cognitive telecommunication environments, ensuring
stability and scalability under real-world stochastic
conditions.

The introduced mechanisms of adaptive weighting,
flexible task delegation, and mutation control contribute
to improved convergence speed, enhanced stability, and
scalability of the algorithm under real-world stochastic
and dynamically varying conditions.
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MeTop 6aratokputepianbHOi onTUMi3auii aHcambnis
CKNaAHUX CUTHANIB HA OCHOBI €BOJIIOLLIMHOrO aNIrOPUTMY
E-LPT-MOEA/D

Irop TyneHko, Cepriit IHguk"

Kadepnpa TpaHcnopTHOro 38’A3Ky YKPAiHCbKOro AepaBHOro yHiBepcUTeTy 3a0i3HUYHOMO TPAHCNopTy, Xapkis, YKpaiHa
*ABTOp-KOpecnoHAeHT (EnekTpoHHa agpeca: sergiy.indyk@gmail.com)

AHOTALLIA Y cTatTi 3anponoHoBaHO meToa 6araTokpuTepianbHOI ONTMMI3auii aHCambiB CKAaAHUX CUTHANIB Ha OCHOBI
eBoAtouinHoro anroputmy E-LPT-MOEA/D, AKkui noegHye norapuéomiyHi yacosi nepectaHoBKM (LPT) i3 npuHumnom
LEeKoMno3uuii 3aBaaHb Y cepefioBuLLi baraToKpuTepianbHOi €BOMOLIMHOT onTUMI3aLii. Ha BigmiHy Big Bigomux nigxoais,
MeToZ, nepenbayvae afanTUBHY B3aEMOLIID MK poboyoto Monynsuieto Ta 30BHIiWHIM apxiBom MapeTo, Wwo 3abe3nevye
Y3roZKeHe OHOB/JIEHH MHOMWHW pilleHb i CTabinbHICTb 36iKHOCTI B YMOBaX CTOXaCTUMYHWUX 36ypeHb. Po3pobaeHo
MOANGDIKOBAHUI TEHETUYHUIN aNrOPUTM, Y AKOMY pPeaslisoBaHO EeHTPOMIMHO 3BaKEHe OHOBNEHHA BaroBux KoedilieHTis,
THY4YKy Aenerauito nig3agady i gMHamivyHe KepyBaHHA MyTauiamu. Taka iHTerpauia A03BOJIAE MiATPMMYBaTU PiBHOBAry Mix
npouecamn [ocniaxKeHHa i BUMKopucTaHHA (exploration—exploitation), yHWKaTM nepeayacHoi 36iHoOCTi Ta 36epirati
Pi3HOMaHITHICTb aHCaMbiB CUrHaniB. Y matemaTuyHin mozeni copmoBaHoO LinboBi GYHKLI, WO BigobparkatoTb cepenHin
KoediLiEHT B3aEMHOI KopensAuii, piBeHb OiYHMX MEeNtoCTOK, Bapialilo EeHepreTMYHOro pPo3nogifly Ta Mipy CTPYKTYpHOI
y3rogskeHocTi. [InA OuiHIOBAHHA AKOCTI ONTUMI3aLii BUKOPUCTAHO NOKasHWKK rinepob’emy (IH), 3BopoTHOro cepeaHbOro
nokoniHHeBoro BigxuneHHa (IGD) Ta BiaxuneHHa Kopenauii (Ap). EKcnepumeHTasbHe MoOAENtOBaHHA MNPOBEAEHO B
HOpPManisoBaHoOMy Ta abCO/IIOTHOMY peXMMax A/ Pi3HMX CniBBigHOWEHb curHan/wym (10 — 25 ab) i napameTpis Yacosoi
cermeHTauii (t = 0.3 — 1.0). OTpumaHi pe3ynbTaTv 3acBig4MAN NepesBary 3anpPonoHOBAaHOIO MeToAyY: 36inblUeHHS WBUAKOCTI
36iKHOCTI Ha 20—30%, niaBuLLEHHA cTabinbHOCTIi Ha 15—25%, a TaKOX 3MEHLIEHHA amMMAiTyAu KOAMBAHb Pi3HML
rinepo6’emy (AH) mixk apxisom i nonynauieto Ha 30 —40 %. [loBefeHo, WO iHTerpaLis mMexaHi3my 30BHILHbOrO apxisy 3
BHYTPILWHbOK YaCOBOK MepecTaHOBKOM CUrHaniB 3abesnevye 6inblw piBHOMIpHE MOKPUTTA GPOHTY MapeTo Ta NiaBULLYE
CTPYKTYpHY 36anaHcoBaHicTb aHcambnis. Y pesynbTati anroputm E-LPT-MOEA/D 3abesneuyye WBMAKY aganTtauilo 40
3MiHHUX YMOB ONTMMI3aLii, CTiMKiCTb A0 3aBag, i MaclTaboBaHICTb NPU 3POCTaHHI PO3MIPHOCTI 3a4a4i. 3aNpPoONOHOBaHWM
MeToZ MoXe OyTM BUKOPWUCTaHWWA ANA onTUMisauii npoueciB GopmyBaHHA Ta OBPOOKM CUTHANIB Yy KOTHITUBHMUX
TENEKOMYHIKaLiMHUX cepefoBuMLLAX, 30Kpema npu nobyaoBi CUCTEM AMHAMIYHOFO CNEKTPANbHOTO MOHITOPUHTY,
po3noaineHnx mepex 38’A3Ky Ta eHeproepeKTMBHUX NPOTOKOANIB NepesaBaHHA SaHUX.

KNKOYOBI C/IOBA TenekoMyHiKaLiiHi cuctemmn, onTUMI3aLlis, eBOoNoLIMHUIA niaxig, aHcambni cknagHux curHanis, SNR.
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