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METHOD OF TIME PERMUTATIONS BASED ON MARKOV MODELS

Introduction

In telecommunication networks with multiple ac-
cess, one of the primary tasks is to maintain the sta-
bility of signals within a shared frequency environ-
ment. As the number of users increases and the struc-
ture of transmitted signals becomes more complex,
mutual interference intensifies, which leads to higher
levels of inter-channel and inter-symbol distortions.
As aresult, the correlation and spectral characteristics
of the signal ensemble degrade, the peak values of
correlation functions increase, the uniformity of en-
ergy distribution is disturbed, and the temporal coher-
ence of the ensemble structure decreases [1, 2].

There is a functional relationship between the
noise immunity of the ensemble, its size, and its
cross-correlation properties. Lower mutual correla-
tion coefficients allow a larger ensemble size without
losing stability, while increasing the ensemble size
raises the risk of higher correlation components and,
consequently, inter-symbol interference. Therefore,
the relevant task is to form signal ensembles in which
a controlled balance between noise immunity, ensem-
ble size, and cross-correlation characteristics 1is
achieved.

One effective approach to achieving this balance is to
control the temporal organization of signals within the en-
semble by permuting time intervals (segments), which
directly influences the correlation and structural proper-
ties of the ensemble in the time domain.

To describe the evolution of the ensemble and to
predict changes in its characteristics under various
time-segment permutations, it is appropriate to use
models that can represent the sequence of ensemble
states. Markov modeling provides such capabilities
by allowing the tracking of ensemble state dynamics
and performing predictive optimization of permuta-
tions aimed at reducing mutual correlation while
maintaining the structural stability of the ensemble
(3,4, 5].

Analysis of recent research and publications

An analysis of scientific studies [1-15] has shown
that the novelty of the proposed approach lies in the
integration of probabilistic Markov modeling with
deterministic optimization techniques, which were
previously applied separately.

Studies [1, 2] focused on the formation and analy-
sis of ensembles of complex signals through time-in-
terval permutation and established the influence of
correlation properties on ensemble scalability.
However, these works did not include probabilistic
modeling of the ensemble evolution or predictive
control of correlation growth.

The approaches proposed in [3—5] introduced en-
semble hidden Markov models for dynamic signal
characterization, biosignal interpretation, and target
detection. These studies demonstrated the potential of
Markov modeling for describing probabilistic state
transitions but did not address its application to
time-domain permutation or ensemble correlation
optimization.

Research [6-9] expanded the field toward nonlin-
ear signal reconstruction, gradient and Lagrange
optimization, and the use of Volterra series for stabil-
ity and orthogonality control. Yet these methods were
limited to deterministic reconstruction and lacked
adaptive probabilistic feedback mechanisms.

The works [10-12] developed multilevel and
adaptive techniques for time-frequency segmentation
and ensemble formation, showing improvements in signal
structure and scalability. Nevertheless, they mainly
relied on direct optimization and did not integrate pre-
dictive modeling of ensemble state transitions.

The study in [13] proposed a correlation-based
pruning method for large-scale MIMO communica-
tion, confirming the practical importance of minimiz-
ing cross-correlation under interference, but without
addressing time-domain ensemble adaptation.
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Finally, papers [14, 15] highlighted the effective-
ness of Markov and hidden Markov models in mod-
eling stochastic and degradation processes, support-
ing the feasibility of their use for predictive modeling
of signal ensembles.

In summary, the reviewed works laid the founda-
tion for ensemble formation, optimization, and corre-
lation control; however, none combined time-interval
permutation with forecast-oriented Markov model-
ing. This gap motivates the present study, which inte-
grates probabilistic state prediction and integral opti-
mization criteria to achieve stable and scalable en-
semble formation under high interference conditions.

Problem Statement

This study addresses the problem of optimizing
ensembles of complex signals in the time domain un-
der conditions of stochastic uncertainty and a high
level of interference, where classical deterministic
permutation procedures fail to provide stable reduc-
tion of mutual correlation and preservation of energy—
spectral balance [6—10].

Under such conditions, it becomes relevant to ap-
ply a method capable of describing the evolution of
ensemble states and predicting state transitions during
time-interval permutations, which enables prior esti-
mation of the risk of increasing correlation peaks and
loss of temporal coherence [11-13].

To solve this problem, it is necessary to employ a
forecast-oriented approach based on Markov models
with transition probabilities that depend on the selec-
ted permutation, combined with an integral selection
criterion that incorporates the expected level of
mutual correlation, the degree of forecast uncertainty,
energy uniformity, and structural-temporal con-
sistency [ 14—15].

The purpose of the article

The aim of the study is to develop a forecast-ori-
ented method based on Markov models for optimiz-
ing ensembles of complex signals in the time domain
under conditions of a high level of interference and
stochastic uncertainty, ensuring controlled reduction
of mutual correlation while maintaining energy—spec-
tral balance and structural-temporal coherence.

Summary of the main material

The distinctive feature of the proposed method of
time-interval permutations for ensembles of complex
signals is the use of Markov models [3, 4, 5] to predict
the evolution of the ensemble state in the time domain.

The Markov approach was chosen due to its ability
to describe probabilistic transitions between succes-
sive states of a complex signal ensemble, where the
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current state depends only on the previous state of the
system [4].

This property, known as the limited-memory con-
dition of the process, enables the construction of a sta-
tionary stochastic model of the ensemble, in which
the prediction of the next state is performed based on
transition probabilities without the need to account
for the complete history of previous realizations.

Such characteristics make the Markov approach
optimal for modeling permutation processes of comp-
lex signal ensembles in the time domain, where it is
important to reproduce not only the current structure
of the ensemble but also its expected dynamics in
subsequent iterations.

Figure 1 shows the logic of constructing the
Markov model adapted for forecast-oriented time-
interval permutations of the signal ensemble.

As shown in Figure 1, Step 1 represents the basic
Markov chain that describes changes in the states of
the complex signal ensemble without considering the
permutation process.

At Step 2, a forecast-oriented temporal unfolding
is implemented, in which the transitions between
states are defined by probabilities P((S;41]S: 1)),
that depend on the selected permutation Tt.

This combination makes it possible to predict
changes in the correlation characteristics of the en-
semble and to select the permutation that minimizes
the risk of transitions to states with increased mutual
correlation.

Let us consider in more detail the stages of imple-
menting the proposed forecast-oriented method of
time-interval permutations for signal ensembles,
which is built on a Markov model. For practical use,
the method is presented as an algorithm that consists
of successive procedures for prediction, evaluation,
and selection of the optimal permutation n* (Fig.2).

In Fig. 2, the main stages of the proposed method
are highlighted in different colors:

—blue indicates the stages of initialization and data
input;

— yellow corresponds to the processes of predic-
tion and calculation of the optimality criterion K(m);

— green represents the stages of selecting the opti-
mal permutation n* and forming the optimized signal
ensemble;

— purple shows the sequence of observed states Xo,
X1, X2, X5, which reflect the evolution of the ensemble
characteristics over time during the forecast-oriented
permutation process.
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Step 1 - Baseline Markov chain illustrating ensemble
state intuition; transition probabilities p,q describe
dynamics without permutations.

Candidates 1= {LPT, NN, Random, ...} — Select m*

P(Ss4IStT)
P(S41Sp.m) P(S51S.) P(S31S2.m)
PSp) — Sp —e—> S1 — 52 ¢ =

¢ | | | |
I P(Xo | Sp) I P(X; | S9) I P(Xy | Sy) I

| X | | X4 | | X5 | | X3 |

Step 2 - Forecast-oriented time sweep with
permutation-dependent fransitions

Fig.1. Logic of constructing the forecast-oriented Markov permutation model
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minK(m;) ensemble s'(t)

8. Update Markov transition
matrix Refresh st(m]- compute & Ap=ce
new P(S.,415,.7%)

Qutput:
Optimized ensemble and transition
probabilities.

Fig. 2. Algorithmic structure of the forecast-oriented Markov permutation method
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Step 1. Signal segmentation and formation of the
permutation set

At the initial stage, the ensemble of complex sig-
nals S(t) is divided into time segments, which allows
further permutation of these segments within the
given ensemble.

Each signal s;(t) is represented as a combination
of K non-overlapping time intervals, as shown in the
analytical expression (1):

si(8) = UR=y s (te), i=1,...,P (1)
where s;; (t;) denotes the k — th time segment of the
i-th signal, and K is the number of segments into
which the signal is divided.

The set of all signals forms the ensemble S(t),
which is defined by expression (2):

S(t) = {Sl(t)'SZ(t)r "'rsP(t)}~ (2)

Based on the formed ensemble, a set of possible
time-segment permutations Il is generated.

Each permutation  is an operator that defines a
new temporal configuration of the ensemble accord-
ing to expression (3):

T[(S(t)) = {T[(sl (t))' ] T[(SP (t))}a TE HK (3)

Thus, at the first stage, the solution space is
formed, represented by the set of permutations I,
within which the search for the optimal permutation
is carried out at subsequent stages.

Depending on the specific task, the permutations
can be generated according to different principles
[1,2,6-9, 13].

1. Deterministic methods include approaches in
which the order of segments is defined by an analyti-
cal rule or an optimization principle that ensures
uniformity of the ensemble’s temporal structure.
These may involve permutations based on evenly dis-
tributed or centered sequences.

2. Stochastic methods involve selecting permuta-
tions randomly or according to statistical criteria,
which increases the diversity of ensemble realizations
and helps avoid local extrema during optimization.
Examples include random, probabilistically weighted,
or evolutionarily generated permutations.

The use of both groups of methods provides a bal-
ance between predictability and variability of ensem-
ble structures, which serves as a foundation for fur-
ther forecast-oriented permutation selection.

Step 2. Evaluation of the current state of the signal
ensemble (Markov initialization)

At the second stage, a quantitative evaluation of
the correlation characteristics of the complex signal
ensemble is performed at the current time moment ¢.

For each signal s;(t), the average and maximum
values of mutual correlation (Pipeqan, Pmax) between
time segments are calculated, along with additional
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parameters such as the Integrated Sidelobe Level
(ISL) and the Spectral Flatness Measure (SFM).

Based on these indicators, the current state of the
ensemble S(t) is determined, reflecting the degree of
its structural order. To simplify the analysis, it is as-
sumed that the set of possible states is finite and can
be formalized analytically as follows (4):

S(t) € {Low,Mid,High}, M = 3. 4

Such discretization makes it possible to represent
the behavior of the ensemble as a Markov chain,
where transitions between states occur with certain
probabilities P(S;41]S:).

The initialization of this chain is based on the cur-
rent values of pmean and ISL, which provides an ana-
lytical basis for further prediction of state transitions.
For visualization, see Fig. 1, which shows the dyna-
mics of transitions between different ensemble states
according to the Markov model.

However, at this stage, no permutations are per-
formed yet. Instead, an initial conceptual model of the
ensemble’s evolution is formed, which is necessary
for forecast-oriented control in the subsequent stages
of the proposed method.

Step 3. Formation of the set of candidate permuta-
tions in the time domain and forecast-oriented evalu-
ation of transitions.

At the third stage, a set of possible permutations
of time segments 1= { m, T,..., Ty} is generated,
where each permutation defines an alternative tem-
poral configuration of the complex signal ensemble.

Candidate permutations in the time domain can be
generated either deterministically (for example, based
on uniformly distributed sequences using the LPT
method) or stochastically (using random permutation
or the nearest neighbor method, NN).

For each permutation ;, the future state of the en-
semble is predicted using the Markov model as the
transition probability P(S;41|S ;).

In the proposed method, the prediction is per-
formed taking into account the uncertainty coefficient
B, which determines the weighting penalty for predic-
tion instability.

This parameter serves as a regulator that balances
the intensity of reducing the mutual correlation level
Pmean and the stability of transitions between the en-
semble states S;.

At low values of B, there is an active reduction of
Pmean> Which leads to increased variability of states
and fluctuations in the temporal structure of the en-
semble. At higher values of 3, the system operates in
a more balanced mode, characterized by smoother
transition processes and, as a result, improved tem-
poral consistency of the signals.
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To evaluate the influence of the parameter 3 on the
stability of ensemble states and the level of mutual
correlation between signals, a simulation was carried
out at a signal-to-noise ratio (SNR) of 10 dB. The re-
sults are presented in Table 1.

Table 1
Influence of f on correlation and state-switching
dynamics
8 Number of state
Pmean transitions
0,00 0,276 38
0,05 0,281 31
0,15 0,284 22
0,30 0,296 15

As shown in Table 1, an increase in the parameter 3 is
accompanied by a monotonic decrease in the fre-
quency of state transitions within the ensemble, while

0.2950

0.2925

0.2900

0.2825¢}

Mean correlation p_mean

0.2800

0.2775

the average mutual correlation p,,eqn Increases only
slightly.

Figure 3 shows the nature of this relationship. As
can be seen from the graph, at p = 0,15, the ensemble
reaches an optimal operating mode in which the min-
imum level of mutual correlation is achieved while
maintaining temporal stability and structural order of
the signal ensemble. This fully corresponds to the
theoretical model of Markov-based transition control.

Step 4. Prediction of transitions and calculation of
the integral optimality criterion

At the fourth stage, the state of the ensemble is
predicted after applying each candidate permutation
; eIl

The prediction is based on the Markov model,
which takes into account the current state of the en-
semble S; and the probability of transition to the next
state S;,, according to the analytical expression (5).

p_mean
State switches / 100 iters

I i |
N w w
w o w

|
N
o

State switches (per 100 iterations)

- 15

0.2750 D.bO 0.65 O.iD

0.15

0.20 0.25 0.30

B (uncertainty penalty)

Fig. 3. Influence of the parameter 3 on correlation and the frequency of state transitions

(1)
NSt,5t+1 u (5)

ZSHl (NS(Z.TSL:ZH + u)’

where NS(ZTSiZ+1 is the number of recorded transitions

P(Se41lSe, M) =

between ensemble states for the permutation T;, and
u is the Laplace smoothing coefficient used to avoid
zero probabilities.

Based on these estimates, the mathematical expec-
tation of the predicted level of mutual correlation is
calculated according to formula (6):

Elpessl ] = ) PGSeralSe m) p(Seas), (6)
t+1
where p(S¢;1) is the average level of mutual correla-
tion for the corresponding state.
Additionally, the degree of forecast uncertainty is
taken into account, which is evaluated according to

formula (7) through the entropy of the transition prob-
ability distribution:
U == PSenlSe 108, P(SeralSe ). (7)

St+1
For a generalized evaluation of the quality of each
permutation 7;, the integral optimality criterion is cal-
culated according to formula (8):

K(m) = aElpesal mil + BUCm) + AIAEN? + ()
plIAS 112,

where a,B,A, 1 are weighting coefficients; ||AE]|?
characterizes the deviation of the energy distribution
of the signals; ||AS,||?> represents the measure of
structural-temporal consistency of the ensemble after
the permutation.

The minimum value of K(m;) corresponds to the
optimal permutation *, that is, K (10*):
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™ = arg min K (m;), 9)

According to condition (9), the selected permuta-
tion ensures forecast-oriented minimization of mutual
correlation while simultaneously controlling the en-
ergy and structural-temporal characteristics of the en-
semble.

Fig. 4 shows the dependencies of the integral cri-
terion K (1t*) and the average correlation p,, 4, On the
iteration number. After 10—12 iterations, the indica-
tors become stable, which confirms the convergence
of the method and the stability of the optimization
process.

042}

0.40r

Stage 5. Updating the transition matrix and form-
ing the renewed signal ensemble.

After selecting the optimal permutation m* ac-
cording to condition (9), the Markov model of the en-
semble is updated to account for the new states ob-
tained as a result of applying this permutation.

The updating procedure consists in recalculating
the transition probabilities between states and adapt-
ing the Markov transition matrix, which describes the
dynamics of the ensemble in the new temporal con-
figuration.

K(1¥)
p_mean

8 10 12 14

Iteration

Fig. 4. Convergence of the forecast-oriented permutation selection algorithm

The Markov transition matrix is updated accord-
ing to equation (10):
NTew (7;) +

St,St+1
)
new(”i)
z:51:+1 (N St,St+1 + u)

denotes the number of state transi-

PW(Spsq|Se, ™) = (10)

new (7;)
where N™s ¢ |

tions in the ensemble after applying the optimal per-
mutation.

The updated Markov transition matrix is then used
to form a new signal ensemble S'(?), in which the time
segments are reordered according to the optimal per-
mutation, as expressed in equation (11):

§'(t) = *(S@®) = {m* (51 (1)), ., w* (sp (EN)}. (11)

At this stage, the condition of ensemble balance is
also verified: |Apl<e, meaning that the change in the
average mutual correlation coefficient between con-
secutive iterations is monitored with respect to the
threshold value g, which determines the termination
of the optimization process.

If the condition is satisfied, the signal ensemble is
considered stabilized and fixed in the current state
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S'(t), which corresponds to the minimal mutual cor-
relation between signals.

If the condition is not met, the implementation al-
gorithm of the proposed method returns to Stages
3—4 for repeated refinement of the permutation and
transition prediction.

Thus, Stage 5 completes the full cycle of forecast-
oriented ensemble optimization.

At this stage, the algorithm finalizes the iterative
adaptation process and produces the resulting ensem-
ble of complex signals. The obtained ensemble is
characterized by a consistent temporal organization,
which ensures coherence between its segments, and
by a minimized level of mutual correlation, which re-
duces the interference between signals.

Additionally, the Markov transition model is
adaptively updated to reflect the actual dynamic be-
havior of the ensemble after optimization. This allows
the model to retain predictive capability for further it-
erations or for application in real-time signal pro-
cessing, ensuring the stability, adaptability and repro-
ducibility of the proposed method.
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For the experimental verification of the proposed
method, an ensemble of 128 signals typical for mod-
ern broadband telecommunication systems was used.

The sampling rate was set to 10 MHz to ensure
accurate representation of the time—frequency struc-
ture of the signals. Each signal was divided into
P =16 time segments, for which the average and max-
imum mutual correlation coefficients (Pmean, Pmax),
integrated sidelobe level (ISL), and spectral flatness
measure (SFM) were calculated. These parameters were
used to evaluate the current ensemble state and to fore-
cast its subsequent dynamics using the Markov model.

The number of states in the Markov model was set
to M = 3, corresponding to low, medium, and high
correlation levels (Low, Mid, High). The transition
probabilities P(S;,|S;, ) were estimated over ten it-
erations using the Laplace smoothing coefficient
u=20,5.

Experiments were conducted under several inter-
ference scenarios with signal-to-noise ratios SNR =
=0, 5, 10, and 20 dB. The stopping criterion was
defined as |p(t + 1) — p(t)| < 0,01.

To compare the efficiency of the proposed
method, three baseline permutation techniques were
implemented: the random permutation method (Ran-
dom), the nearest-neighbor method (NN), and the
low-discrepancy time sequence method (LPT). The
obtained results were compared with those produced
by the proposed forecast-oriented Markov-based
method (Markov-forecast). Each experiment was re-
peated 30 times, and the results were averaged to de-
rive stable trends. The averaged performance indica-
tors for different SNR values are summarized in
Table 2 and illustrated in Fig. 5.

Table 2
Comparison of the efficiency of methods at different SNR

Method SNR 0 5 10 20
Prmean 0,496 0,451 0,422 0,409
Random ISL (dB) =5,1 -5,8 —6,1 —6,3
SFM 0,67 0,69 0,71 0,72
Prmean 0,401 0,372 0,348 0,336
LPT ISL (dB) -6,3 —6,9 -7,4 =7,7
SFM 0,72 0,73 0,75 0,76
Prmean 0,374 0,348 0,326 0,315
NN ISL (dB) 6,8 -7.4 -7,9 -8,2
SFM 0,74 0,76 0,77 0,78
Prmean 0,341 0,309 0,284 0,272
Markov-forecast ISL (dB) —7,7 —8,4 9,0 -9,4
SFM 0,77 0,79 0,81 0,83

As seen from the obtained results, the proposed
Markov-forecast method demonstrates the best en-
semble performance across all SNR levels.

Even at a low SNR of 0 dB, the average correla-
tion coefficient pmean 14 % lower than that of the NN
method and about 31 % lower than that of the random
permutation method.

At SNR = 20 dB, the positive trend remains —
Pmean decreases by nearly 33 %, while the integrated
sidelobe level (ISL) improves by approximately 3 dB.

The spectral flatness measure (SFM) increases
from 0,72 to 0,83, indicating enhanced spectral uni-
formity and structural balance within the signal en-
semble. These results clearly demonstrate the effi-
ciency of the proposed method, which consistently
preserves the ensemble’s structure and spectral coher-
ence under varying interference conditions.

The obtained results confirm that the proposed
forecast-oriented permutation selection method based
on the Markov model provides high noise immunity
and structural stability of the signal ensemble.

This means that during the optimization process,
the temporal organization of signals, the uniformity
of energy distribution, and the consistency of correla-
tion—spectral characteristics are preserved even under
high interference conditions. As a result, the ensem-
ble maintains its internal order and the ability to sus-
tain the required volume without loss of stability or
parameter balance.

The proposed time-interval permutation method
with forecast-oriented selection based on the Markov
model ensures controlled reduction of mutual corre-
lation while simultaneously maintaining energy bal-
ance and structural-temporal alignment of the
ensemble.
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Fig.5. Dependence of the mean correlation coefficient on SNR for different permutation methods

Conclusions

The time-interval permutation method with fore-
cast-oriented selection based on Markov models
proposed in this study is a comprehensive approach.
Unlike existing methods, it simultaneously integrates
parametric analysis, signal segmentation, prediction
of ensemble state transitions, and an integral evalua-
tion of permutation optimality.

The use of the Markov model makes it possible
to predict the evolution of the ensemble without the
need to store the complete history of its previous
states, which reduces computational complexity and
improves the controllability of the optimization process.

Experimental results have shown that increasing
the number of time segments reduces the average
mutual correlation coefficient by approximately 33 %
compared to the nearest-neighbor method (NN) and
by about 31 % compared to the random permutation
method. The integrated sidelobe level (ISL) improved
by approximately 3 dB, and the spectral flatness
measure (SFM) increased from 0,72 to 0,83, indicat-
ing a higher degree of structural order within the en-
semble and greater temporal consistency of the signal
intervals.

Introducing the uncertainty coefficient  into the
proposed method allowed balancing the rate of decor-
relation and ensemble stability. Experimental calcu-
lations showed that the optimal value of § = 0,15
reduces the frequency of state transitions by about
60 % while having a minimal effect on the level of
mutual correlation between signals.

The algorithm converges within 10—12 iterations,
confirming the efficiency of forecast-based control
using Markov models and the stability of the integral
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criterion. Therefore, the proposed method ensures
stable formation of complex signal ensembles in the
time domain, increases noise immunity, and main-
tains the stability of temporal characteristics, making
it suitable for application in cognitive telecommuni-
cation networks.
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IlleBuenko O. O., JIuceuxo B. II.
METO/ YACOBUX NEPECTAHOBOK HA OCHOBI MAPKIBCHbKHX MOJEJIEA

Y cmammi 3anpononosano memoo nepecmarno8ok Ha 0CHOBI MAPKOBCLKUX MoOenell, NPUsHAYeHull OJia Onmumisayii
ancamoie CKIAOHUX CUSHANIB Y YACOBIl 001acmi 8 yM0o8ax 3a6ad ma cmoxacmuunoi neguznavenocmi. Ocobaugicmio
Memoody € NPOSHOZHO-OPIEHMOBAHUU BUDID NEPeCMAHOBOK YACOBUX CE2MEHMIB, AKULL Peani3yembCs Yepe3 MapKoscbKe
MOOEN08anH s Nepexo0i8 MIdC CIAHAMU AHCAMONI0 cueHanie. Ha 8ioMiny 6I0 6i0oMux nioxoo0ie, ujo OpiEHMYHOmMbCs iuuie
Ha NOMOYHI 3HAYEHHS 83AEMHOT KOpenayii, 3anponoHOSaHUll Memoo 8paxo8ye NPOSHO308AHY OUHAMIKY AHCAMOTIO, WO
003605€ MIHIMIZY6AMU PUSUK NEPexody 00 CMAHI 3 NIOBUWEHOIO Kopelsyicio ma 3abe3neyye cmabitbHicms 4acogoi
CMPYKMYpU CUSHATNIB.

YV mearcax 3anpononosaro2o memooy cpopmosano MHONCUHY MONCTUBUX NEPECNAHOBOK YACOBUX CE2MEHMIE, OJis KO-
JHCHOT 3 AKUX 0OUUCTIOEMbCA MAmMeMamuite CnOOi8AHHA NPOZHO308AHO20 PIBHSA 83AEMHOI Kopenayii ma eHmponitiHa mipa
HegusHayeHocmi. 3acmocosanull iHme2panbHuLl Kpumepii OnmuMaibHOCMi 3a0e3nedye y3200i4ceHy OYiHKY eHepeemuy-
HO20 6anaHcy ma CmpyKmypHoO-4dco8oi 8nopsiOoK08AHOCHI AHCAMOIIO.

Beeoenns xoegiyicuma nesusnauenocmi  0o3gonse pecynroeamu 6aiaunc mMixc weuoKicmo oekopenayii ma cmaoi-
avricmio ancamobnio: npu = 0,15 kinbkicms nepexodie misc cmanamu 3meHutyemocs Ha = 60 % 3a MinimansHoi empamu
MOYHOCI NPOSHO3Y.

Excnepumenmanvhi 00Cniodicennss 0 wupoKoCMy208ux cucmem npu yacmomi ouckpemusayii 10 MIy, noxazanu
SHUJICEHHSL cepedHbo2o Koeiyichma ezaemnol kopensyii 3 0,496 0o 0,272 (= 45 %) i yoockonaneHHs iHme2paibHo20
pisus Oiunux nemocmox (ISL) na = 3 0b. Iokasnux cnekmpanvhoi pishomiprocmi (SFM) 36invuuecs 3 0,67 0o 0,83, wo
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C8IOHUUMb NPO BUPIBHIOBAHHA eHEPLeMUYHO20 PO3ZNOOITY MA NIOBUWEHHS CIPYKINYPHOT y32002CEHOCI AHCAMONI0 CUCHA-
ais. [losedeno, wjo 30ixcHicmov aneopummy docseacmucs nicasn 10—12 imepayil.

Taxum yunom, po3pobaeHuti Memoo 3abe3neyye a0anmuery MiHimMisayiro 83aeMHoi Kopeaayii, cmabinizayilo eHepee-
MUYHUX napamempis ma nio8ueHHs 3a8A00CMILKOCMI aHCAMOLi8 CKAAOHUX cueHanie. Ompumani pe3yiomamu c8io-
yamov npo eghpekmusHicms Memooy 018 3ACMOCYBAHHA Y KOSHIMUBHUX MeNeKOMYHIKAYIUHUX Cepe008Uax i3 MHONCUHHUM
00CmYynom i SMIHHUMU YMO8AMU Nepedayi.

KnrouoBi cnoBa: TenekoMyHikauii, nepectaHoBku, curHan; SNR; onTumisadis; kopensuis; KOrHiTMBHUA, 3aBafdoCTin-
KiCTb; MapKiBCbka MOAENb.

Shevchenko O., Lysechko V.
METHOD OF TIME PERMUTATIONS BASED ON MARKOV MODELS

The paper proposes a Markov-based permutation method designed to optimize ensembles of complex signals in the
time domain under conditions of interference and stochastic uncertainty. The distinctive feature of the method is a fore-
cast-oriented selection of time-segment permutations, implemented through Markov modeling of state transitions within
the signal ensemble. Unlike conventional approaches that rely only on the current correlation level, the proposed method
incorporates the predicted ensemble dynamics, allowing minimization of the risk of transition to highly correlated states
and maintaining the temporal stability of signal structures.

Within the developed framework, a set of candidate permutations in the time domain is generated, for each of which
the expected value of the predicted correlation and the entropy-based uncertainty measure are calculated. The integral
optimality criterion provides a comprehensive assessment of the energy balance and structural-temporal coherence of
the ensemble. Introducing the uncertainty coefficient  enables adaptive control of the trade-off between decorrelation
speed and ensemble stability: at = 0,15, the number of state transitions decreases by about 60 % with minimal loss in
forecast accuracy.

Experimental studies performed for broadband communication signals with a sampling frequency of 10 MHz demon-
strated a reduction of the average mutual correlation coefficient from 0,496 to 0,272 (= 45 %) and an improvement of
the integrated side-lobe level (ISL) by = 3 dB. The spectral flatness measure (SFM) increased from 0,67 to 0,83, confirm-
ing improved structural organization and temporal alignment of the ensemble. It was shown that algorithmic convergence
is achieved within 10—12 iterations.

Thus, the developed method ensures adaptive minimization of mutual correlation, stabilization of energy parameters,
and enhancement of interference immunity of complex signal ensembles. The obtained results confirm the effectiveness
of the proposed approach for application in cognitive telecommunication environments with multiple access and dynam-
ically varying transmission conditions.

Keywords: telecommunications; time permutation; signal; SNR; optimization; correlation; cognitive; interference im-
munity; Markov model.
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