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METHOD FOR FORMING ENSEMBLES OF COMPLEX SIGNALS BASED ON
MODIFIED NSGA-III ALGORITHM

This paper presents a method for forming ensembles of complex signals based on structural transformation of time-domain
segments and multi-objective optimization using a modified NSGA-III algorithm. It is shown that existing approaches mainly focus on
optimizing individual signal characteristics and do not provide coordinated control of correlation and spectral properties in ensemble
formation.

A comparative experimental study is performed to evaluate the effectiveness of the proposed method under interference
conditions. The evaluation focuses on peak sidelobe level (PSL), integrated sidelobe level (ISL), and structural entropy.

The results demonstrate that the proposed approach enables coordinated reduction of correlation characteristics, formation
of Pareto-optimal solutions, and improved efficiency of complex signal ensemble formation in interference environments.

Keywords: complex signals; optimization, evolutionary algorithm; time domain, correlation; spectrum; structural
transformation, Pareto front,

HIVBIHA TI'anuna

XapkiBchKHil HaIliOHAIBHUN YHIBEpCUTET NMOBITPSIHUX cul iMeHi [Bana Koxxenyba
IHAUK Cepriit

VYxpaiHCEKUI IepyKaBHUH yHIBEPCUTET 3aJli3HUYHOIO TPAHCIIOPTY

METO ®OPMYBAHHSA AHCABJIIB CKIIAJJHUX CUT'HAJIIB HA OCHOBI
MOJAUPIKOBAHOI'O AJITOPUTMY NSGA-III

Y crarTi po3rnsHyTo 3agaqy @OopMyBaHHS aHCamobsliB CKIaAHNX CUrHa/MB Yy YacoBii O6/1acTi Ha OCHOBI KEDOBAHOMO
CTPYKTYPHOIO MEpETBOPEHHS Ta BaratoKpUTEDIa/IbHOI EBOIIOLIIMIHOI onTuMizaLlii, 3arporoHOBaHO METO4 GOopMyBaHHS aHcaMbsiiB
CK/IaAHMUX CUIHA/IB Ha OCHOBI MOANGDIKOBAHOIo eBOJIoUVIHOro anroputmy NSGA-III, skmvi rMOEQHYE CTDYKTYPHE MpPESCTaB/IEHHS
CUrHAJTy y BUITISAI YaCOBUX CEMMEHTIB, 1aPaMETPHU30BaHy MEPECTAHOBKY Ta Y3IOAXEHE BpaxyBaHHs KOPEISALIVIHNX, EHEPIETUYHUX Ta
CIIEKTPAIIEHUX XaPAKTEPUCTUK CUIHA/IB.

Ob6rpyHTOBaHO, YO [CHYIOYI MIAX0AN [0 ONTUMI3ALII CUrHa/IIB EPEBAXHO OPIEHTOBAHI Ha y/AOCKOHA/IEHHST OKDEMUX
XapakTeEPUCTUK Ta HE 3abE31eYytoTh Y3roQKEHOro QOopMyBaHHS aHCamb/iiB CUrHasis y 6aratoBuMIpHOMY pOCTOPI KPUTEDIIB.
BcrarHos/ieHo, 1140 3aCTOCYBaHHS KIACUYHUX METOLIB ONTUMI3aLii € OOMEXEHNM y 3a4a4ax KOMOIHaTOPHOIrO XapakTepy, OB A3aHUX 3
IEPECTAHOBKaMY YaCOBUX CErMEHTIB, TOAI SK eBO/IOLIVIHI anropuTMu JO3BOISIOTE €QPEKTUBHO IAIMICHIOBATY TTOLLYK KOMITDOMICHUX
pilueHs 1a popmyBatv MHOXHY [1apeTo-onTumMasibHuX BapiaHTIB.

N5 oUiHIOBaHHA E€QGEKTUBHOCTI 3afpOOHOBAHOrO METOAY [NPOBEAEHO EKCIIEDUMEHTA/IbHE MOLE/IOBAHHA B YMOBax
CK/IBAHOIO 3aBafoBoro cepenosmiya. OUIHIOBAHHS BUKOHAHO 3@ OKasHMKamu piBHS GidHnx nesmoctok (PSL), iHTerpasabHoi eHeprii
6idHmnx nestocTok (ISL) 1a CTpyKTypHOI eHTpOorii curHany. OTpuMAaHi pe3y/ibTatv MoKas3a/m, L0 BUKOPUCTaHHS MOAN@IKOBaHOro
eBo/mouiviHoro anroputMy NSGA-III 3a6e3rieyye Y3rof)KEHE 3HIKEHHS KOPESSLIMIHUX XapakTEPUCTUK CUIHAE/IB, @OpMyBaHHS
MHOXHN [18pETO-0NTUMAE/IbHUX PILLEHb Ta MIABALYEHHS €QEKTUBHOCTI (POPMYBaHHS aHCamb/1iB CKIaAHNX CUrHalsiB OPIBHIHO 3
KIIGCUYHNUM TEHETUYHNM &/IFOPUTMOM Ta HEOITTUMIZOBAHMUM ITIAXOLO0M.

TakuM YHHOM, 3arpOIOHOBaHMY METOL 3a6€3reqye @OPMYBAHHS aHCAMOJIIB CUrHa/IIB 3 KEPOBaHUMU BIACTUBOCTSMU B
YMOBax CK/IaAHOMO 3aBafiOBOr0 CEPEAOBUIYE T MOXE OyTH BUKOPUCTEHW Y TEIEKOMYHIKALIMHUX CUCTEMaX CreLianbHOro
TIPU3HEYEHHS.

Kto4oBi  ¢/10Ba: CKiagHi curHam, OnTuMi3aLis, EBOMOLIMHMA aropuTM, YacoBa o0671aCTb, KOPE/SLIS, CIIEKTD,
nepeTsoperHs]; [lapeto @poHT.
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INTRODUCTION
In modern telecommunication systems, the formation and processing of complex signals play a key role in
ensuring interference robustness, efficient spectrum utilization, and channel separation. Particular importance is given
to methods that enable the formation of signal ensembles with controllable correlation, energy, and spectral
characteristics. Depending on the specific tasks, signal analysis and synthesis involve time—frequency representation
methods, spectral analysis, entropy-based approaches, as well as evolutionary optimization algorithms [1-21].
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Despite the wide variety of existing approaches, most of them are focused on optimizing individual signal
characteristics or system parameters, while the process of forming ensembles of complex signals in the time domain
is considered only to a limited extent. This motivates the need for developing methods in which structural signal
representation, controlled transformation of time-domain segments, and multi-objective optimization are treated as a
unified and coordinated problem.

GENERAL STATEMENT OF THE PROBLEM
AND ITS CONNECTION WITH IMPORTANT SCIENTIFIC OR PRACTICAL TASKS

In practical problems of forming ensembles of complex signals, the choice of structural transformation
methods and their parameters directly affects the mutual correlation level of signals, their spectral characteristics, and
robustness to interference. The use of fixed or empirically selected transformation parameters does not ensure a
coordinated achievement of the required characteristics, while the combinatorial nature of the solution space
significantly limits the effectiveness of classical optimization methods.

In this regard, an important scientific and practical problem is the development of methods for forming
ensembles of complex signals based on controlled structural transformation of time-domain segments using multi-
objective optimization, which enables simultaneous consideration of correlation, energy, and spectral characteristics.
Solving this problem is essential for improving the efficiency of telecommunication systems for special purposes
operating under complex interference conditions.

ANALYSIS OF RESEARCH AND PUBLICATIONS

An analysis of recent research and publications [1-21] shows that existing approaches to the formation and
optimization of complex signals are primarily focused on solving specific tasks, such as peak reduction, spectral
parameter optimization, or improving interference robustness, without comprehensive consideration of the process of
ensemble formation in the time domain.

A significant number of studies are devoted to the application of genetic algorithms and their modifications
for solving optimization problems in telecommunication systems [1, 2, 8—10, 20, 21]. In these works, the main focus
is placed on optimizing individual signal or network parameters, including peak power reduction, spectrum efficiency
improvement, and enhancement of transmission characteristics, while the structural formation of signal ensembles is
only partially addressed.

Optimization methods used in signal processing and synthesis, particularly in the design of filters and signals
with predefined spectral properties, demonstrate the effectiveness of evolutionary approaches in complex
multidimensional search spaces [12—16]. However, in such studies, optimization is typically performed for a fixed
signal structure, without considering the possibility of controlled structural transformation through permutations of
time-domain segments.

In studies devoted to the formation of complex-signal ensembles and the analysis of their properties [4, 11],
the potential of structural transformations for improving correlation characteristics has been demonstrated.
Nevertheless, in most cases, the parameters of such transformations are either predefined or selected empirically,
without their integration into a multi-objective optimization framework.

Research in the field of cognitive radio and adaptive telecommunication systems [3, 18, 19] emphasizes the
need for forming signals with controllable properties under dynamically changing interference conditions and limited
spectral resources. However, existing approaches do not provide a coordinated consideration of correlation, energy,
and spectral characteristics within a unified optimization model.

Therefore, the analysis of publications [1-21] indicates the absence of approaches in which the process of
forming ensembles of complex signals is formulated as a multi-objective optimization problem with explicit
consideration of signal structural representation in the form of time-domain segments, a control parameter governing
their permutation, and the requirements for correlation and spectral characteristics under complex interference
conditions.

MATHEMATICAL FORMULATION OF THE PROBLEM

At the stage of preliminary research, a method for forming ensembles of complex signals based on
parameterized structural transformation of time-domain segments was proposed. The method includes a sequence of
stages such as signal segmentation, structural transformation, and ensemble formation (Fig. 1).

The obtained experimental results have shown that the efficiency of the formed ensembles of complex signals
is determined not only by the structural transformation procedure itself, but also by the choice of the control parameter
0 and the need to simultaneously consider multiple criteria, including correlation, energy, and spectral characteristics.

In this regard, the problem of forming ensembles of complex signals can be formulated as a multi-objective
optimization problem, which requires the application of specialized algorithmic approaches. To solve this problem,
the use of evolutionary algorithms is appropriate, as they enable efficient search in a multidimensional solution space
and allow the formation of a set of compromise solutions.
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Fig. 1. Main stages of complex signal ensemble formation

Among the existing approaches, the NSGA-III algorithm is of particular interest, as it provides an effective
solution for multi-objective optimization problems and ensures a uniform distribution of solutions along the Pareto
front. However, the classical implementation of NSGA-III does not take into account the specific features of the signal
formation problem, particularly the structural representation of signals in the form of time-domain segments.

Therefore, in this study, a modification of the NSGA-III algorithm is proposed. The modification includes
the use of structural encoding of solutions in the form of permutations of time segments, the introduction of the control
parameter 0 as an element of the solution space formation, and the adaptation of crossover and mutation operators to
the problem of segment permutation (Fig. 2).
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Fig. 2. Block diagram of the modified NSGA-III algorithm
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To formalize the proposed algorithm, a set of mathematical relationships is used to describe the signal
formation process and the criteria for its evaluation.
The base signal s(t) is divided into a set of time-domain segments:

s@t) = o, 1y, s Ip_1 ). (1)

The formation of a new signal realization is performed by permuting the segments according to the control
parameter 6:

s°(t) = Priey{s (D)}, 2

where 7 (60) denotes the permutation of segment indices determined by the parameter 6.
The quality of the generated signals is evaluated using correlation-based metrics. The peak sidelobe level
(PSL) is defined as:

PSL = max|R(k)|, 3)
k#0

the integrated sidelobe level (ISL) is defined as:

ISL = ZIR(k)lZ, 4)

k+0

the structural entropy of the signal is defined according to Shannon’s formulation:

H= —Zpilo,gpi- ©®)

In this study, the entropy measure is used as an indicator of structural disorder; therefore, its reduction
corresponds to the formation of a more ordered and controlled signal ensemble.
Thus, the problem of forming a signal ensemble is formulated as a multi-objective optimization problem:

min{PSL,ISL.H}. (6)

The presented mathematical formulation serves as the basis for the implementation of the proposed algorithm
and its subsequent experimental validation.

EXPERIMENTAL RESULTS

The effectiveness of the proposed method is confirmed through experimental modeling. During the
simulations, input signals of limited duration were subjected to structural transformation by parameterized
permutation of time-domain segments using the control parameter 6. This approach enables the formation of signal
ensembles with controllable correlation properties, which is particularly important for ensuring interference robustness
and channel separation in telecommunication systems for special purposes.

The evaluation of performance was carried out using the peak sidelobe level (PSL) of the autocorrelation
function, the integrated sidelobe level (ISL), and entropy-based characteristics reflecting the degree of structural
ordering of the signal.

The optimization of ensemble formation parameters was performed using the modified evolutionary NSGA-
11T algorithm, which allows simultaneous consideration of multiple conflicting criteria and the formation of a set of
Pareto-optimal solutions. A classical genetic algorithm and a non-optimized signal formation approach were used as
baseline methods for comparison.

Table 1 and Figure 3 present the results of the analysis of optimization process stability and the assessment
of the appropriateness of stopping criteria selection. The study was conducted under different termination conditions
of the evolutionary process, including those based on changes in the objective function 4K, reaching a predefined PSL
threshold, and stabilization of the Pareto front.

Table 1
Optimization criteria at algorithm stopping points
Stopping criterion [Tapamerp PSL ISL H Gen
AK<1x107* g=1x10"* 0,052 10,8 0,66 92
AK<1x107 e=1x107° 0,048 9,7 0,63 148
PSL threshold 0,05 0,050 10,2 0,65 31
Pareto stable 6=0,01 0,047 9,5 0,63 193
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Fig. 3. Dynamics of the objective function and algorithm stopping criteria

As shown in Table 1 and Figure 3, the choice of the stopping criterion directly affects the achieved values of
PSL, ISL, and the duration of the optimization process. The use of the threshold criterion PSL<0,05 ensures
termination of the algorithm at the 31st generation; however, it is associated with higher values of the integrated
sidelobe level (ISL=10,2) and entropy (H=0,65).

Transition to the criterion AK<10* increases the number of generations to 92 (three times higher), while
resulting in a 5,9% reduction in ISL and a 1,5% decrease in H compared to the PSL threshold criterion.

The use of a stricter criterion AK<107° further increases the optimization duration to 148 generations (60,9%
higher compared to AK<107), while reducing ISL by an additional 10,2% and PSL by 7,7%. In the case of the Pareto
front stabilization criterion, the algorithm terminates at the 193rd generation, which is 6,2 times higher than for the
PSL threshold criterion, while achieving the minimum values PSL=0,047 and ISL=9,5.

Thus, the criterion AK<107* provides a balance between the achieved correlation characteristics of the signal
and the duration of the optimization process.

At the next stage of the experiment, a convergence analysis of evolutionary optimization algorithms was
performed, focusing on the dynamics of changes in PSL and ISL indicators during the process of signal ensemble
formation using the modified NSGA-III algorithm, the classical genetic algorithm, and the non-optimized approach
(Table 2, Figure 4).

Table 2
Calculated values of PSL and ISL
Generation Modified NSGA- | Modified NSGA- Classical GA Classical GA Non- Non-
111 PSL I ISL PSL ISL optimized optimized
PSL ISL
1 1,000 1,000 1,020 1,010 0,970 0,950
20 0,680 0,710 0,810 0,860 0,890 0,930
40 0,550 0,590 0,710 0,730 0,850 0,890
60 0,520 0,540 0,670 0,680 0,820 0,850
80 0,505 0,525 0,640 0,650 0,800 0,830
100 0,490 0,520 0,630 0,630 0,790 0,820

As shown in Table 2 and Figure 4, the modified NSGA-III provides the lowest PSL and ISL values after 100
generations. Compared to the classical genetic algorithm, the PSL value decreases from 0,630 to 0,490, i.e., by 22,2
%, while the ISL value decreases from 0,630 to 0,520, i.e., by 17,5 %. Compared to the non-optimized approach, PSL
decreases by 38,1 %, while ISL decreases by 36,6 %.

The obtained experimental results indicate a more balanced reduction of correlation-based characteristics
when using the modified NSGA-III evolutionary algorithm.
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Fig. 4. Convergence dynamics of optimization algorithms

At the next stage of the experimental study, the influence of the control parameter & on the characteristics of
the formed signal ensemble was investigated. In particular, the variation of PSL, ISL, and the entropy measure H was
analyzed as a function of the parameter 6, which determines the mode of structural signal transformation (Table 3,
Figure 5).

Table 3
Calculated values of PSL, ISL, and H depending on the parameter 6
0 PSL ISL H 0
0,10 0,80 0,72 0,93 0.10
0,20 0,77 0,70 0,90 0.20
0,30 0,76 0,71 0,91 0.30
0,40 0,78 0,70 0,90 0.40
0,50 0,71 0,63 0,78 0.50
0.55 0,64 0,55 0,72 0.55
0,60 0,59 0,51 0,70 0.60
0,62 0,60 0,52 0,71 0.62
0,70 0,66 0,57 0,75 0.70
0,80 0,77 0,70 0,86 0.80
0,90 0,76 0,71 0,92 0.90

As shown in Table 3 and Figure 5, at 6=0,60, the PSL value decreases by 26,25 %, which leads to a
corresponding reduction in the level of peak correlation interference between signals in the ensemble. The ISL value
decreases by 29,17 %, indicating a reduction in the integrated level of mutual signal influence and contributing to
interference mitigation in telecommunication systems for special purposes.
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Fig. S. Influence of the control parameter 6
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The entropy measure H decreases by 24,73 %, which indicates a reduction in the degree of signal randomness
and the formation of a more structured ensemble suitable for stable processing.

At the next stage of the experiment, the selection of an optimal solution based on a set of conflicting criteria
is performed. For this purpose, a multi-objective optimization approach is employed, which allows simultaneous
consideration of PSL and ISL indicators without reducing them to a single aggregated criterion.

Based on the results of the evolutionary search, a set of feasible solutions is obtained, from which a Pareto-
optimal subset is identified. For these solutions, any further reduction of one indicator leads to an increase in the other
(Figure 6).
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Fig. 6. Pareto-optimal set for the complex signal ensemble

As shown in Figure 6, the obtained Pareto set reflects the trade-off between PSL and ISL indicators. The
selected compromise solution corresponds to PSL=0,70 and ISL=22. This indicates that further reduction of the peak
sidelobe level (PSL) is accompanied by an increase in the integrated sidelobe level (ISL), and vice versa.

The choice of this solution is determined by the fact that it is not extreme with respect to any of the considered
criteria and ensures a balanced trade-off between peak and integrated correlation components. In contrast to solutions
with lower PSL values, which are associated with an increase in ISL, the selected solution avoids excessive growth
of the total sidelobe energy while maintaining an acceptable peak sidelobe level.

At the next stage of experimental modeling, a spectral analysis of the generated signals was performed to
evaluate changes in their correlation characteristics in the frequency domain. For this purpose, a comparison of the
spectral characteristics of signals before optimization, after applying the classical genetic algorithm, and after applying
the modified NSGA-III algorithm was conducted. The main focus was on evaluating the peak sidelobe level (PSL)
and the integrated energy of out-of-band components, which characterizes the overall level of interference components
in the signal (Table 4, Figure 7).

The ISL (proxy) metric is used as an approximate estimate of the integrated sidelobe energy, defined in the
frequency domain as the total energy of out-of-band spectral components of the signal. This allows for assessing the
level of interference components without direct computation of the autocorrelation function.

Table 4
Comparison of PSL and ISL for different optimization methods
Method PSL PSL, dB ISL (proxy) ISL, dB PSL reduction, | ISL reduction,
% %
Before optimization 0,336 —-948 0,0206 -16,86 0,0 0,0
Genetic  algorithm | 0,245 -12,22 0,0128 —18,93 27,1 37,9
(GA)
Modified NSGA-III | 0,178 —14,99 0,0081 —20,91 47,0 60,7

As shown in Table 4 and Figure 7, the application of evolutionary algorithms leads to a reduction in both the
peak sidelobe level and the integrated energy of out-of-band signal components. When using the classical genetic
algorithm, the PSL value decreases from 0,336 to 0,245, which corresponds to a reduction of 27,1 %, whereas the
application of the modified NSGA-III results in a reduction of 47,0 %. Similarly, the ISL (proxy) value decreases
from 0,0206 to 0,0128 (37,9 %) for the genetic algorithm and to 0,0081 (60,7 %) for the modified NSGA-II1.

The results of the conducted experiment confirm that the use of the modified NSGA-III algorithm provides
a significant reduction in both peak and integrated interference components of the signal.
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Fig. 7. Spectral characteristics of signals

CONCLUSIONS FROM THIS RESEARCH
AND PROSPECTS FOR FURTHER RESEARCH IN THIS AREA

The paper substantiates the feasibility of applying evolutionary algorithms to solve the problem of forming
ensembles of complex signals, which is characterized by a high-dimensional and combinatorial nature. A modification
of the NSGA-III algorithm is proposed, taking into account the specific features of the signal formation task. The
approach is based on structural encoding in the form of permutations of time segments, the introduction of a control
parameter for shaping the solution space, and the adaptation of crossover and mutation operators to the problem of
structural signal transformation.

The results of experimental modeling confirm that the application of the modified NSGA-III evolutionary
algorithm ensures a coordinated reduction of PSL and ISL indicators, the formation of a set of Pareto-optimal
solutions, and an increase in the efficiency of forming ensembles of complex signals under interference conditions.

Further research should be focused on extending the proposed approach to multichannel and multiband
systems, as well as on improving the evaluation criteria for signal ensembles, taking into account complex interference
environments.
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