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ABSTRACT The article proposes a method for time-domain permutation of complex signal ensembles based on the
Autoregressive Integrated Moving Average (ARIMA) model, referred to as ARIMA-permutation-based method. Unlike existing
approaches, the method takes into account the temporal inertia of correlation variations, enabling real-time forecasting of
ensemble dynamics and adaptive structural control under stochastic disturbances. The developed method and its
implementation algorithm combine the ARIMA permutation-based method differencing operation with forecast-oriented
selection of time-segment permutations, whose optimization is performed according to an integral criterion that considers
correlation indicators, energy variation, and signal-to-noise ratio (SNR) stability. This integration ensures a balance between
adaptability and convergence stability, allowing the forecast to rely on decorrelated signal increments rather than accumulated
trends. Within the mathematical model, objective functions are formulated to describe the expected correlation, forecasting
uncertainty, and energy consistency of the ensemble parameters. Minimization of integral criteria of ensemble configuration
enables the selection of the optimal time-segment permutation and progressive refinement of the forecast during the iterative
process. Experimental modeling was carried out for SNR values from 10 dB to 25 dB and time-segmentation parameters
t=0.3-1.0, comparing three approaches: ARIMA-permutation-based method, the Markov model, and the LPT-t permutation
model. The results demonstrated a 20.2 % reduction in the mean absolute scaled error and a 15.3 % reduction in the mean scaled
interval score compared with the Markov method, as well as an increase in residual stability by 47.1 % under signal fading
conditions. It has been proven that the application of the ARIMA-permutation-based method effectively suppresses residual
correlation, ensures short memory of differenced series, and improves the accuracy and robustness of forecasting under
interference. The proposed approach can be applied to the optimization of signal formation and processing in cognitive
telecommunication environments, particularly in the design of dynamic spectrum monitoring systems, distributed
communication networks, and energy-efficient data transmission protocols.
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I. INTRODUCTION To address this limitation, the present study

n modern cognitive telecommunication systems proposes an adaptive time-domain permutation method
I operating in a highly dynamic spectral environment, for complex signal ensembles based on the

frequency resources continuously fluctuate due to
variations in network load, interference, propagation
delays, and fading effects.

Under such conditions, the main challenges include
the instability of signal correlation characteristics,
reduced accuracy of channel state prediction, and the loss
of noise immunity during system adaptation to
environmental changes.

One of the effective approaches to mitigating these
factors is the formation of complex signal ensembles with
controlled statistical and correlation properties.

Permutation methods applied within the time
domain of such ensembles make it possible to balance
mutual correlation, minimize redundant entropy, and
improve the consistency of predictive characteristics,
thereby enhancing ensemble stability under stochastic
disturbances.

However, most existing permutation techniques fail to
account for the temporal inertia of correlation variations,
which limits their short-term forecasting accuracy.

Autoregressive Integrated Moving Average (ARIMA)
model (ARIMA-permutation-based method).

The method incorporates the temporal inertia of the
correlation process and enables real-time prediction of
ensemble dynamics. The ARIMA-permutation-based
method approach is particularly suitable for analyzing and
controlling time-domain permutations, as it facilitates the
transition from cumulative trends to local signal variation
analysis, reduces the impact of noise components, and
enhances the accuracy of adaptive forecasting.

Il. REVIEW OF THE LITERATURE
The problem of time series forecasting and the control
of complex signal ensembles has been extensively studied
in numerous works [1-15]. Current approaches can be
broadly classified into three main directions:
(1) the development of classical ARIMA models and
their filtering or estimation extensions;
(2) hybrid and ensemble architectures that combine
parametric and neural methods, stacking techniques, and
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decomposition-based frameworks;

(3) modeling of correlation properties and permutation
mechanisms in telecommunication environments.

Within direction (1), the ARIMA permutation-based
method has been expanded through the integration of
Kalman filters, zonotopic variants, and adaptive
estimators to improve forecasting performance under
stochastic conditions [1, 3, 7, 11-13, 15].

These studies demonstrate the benefits of combining
ARIMA permutation-based method with filtering and
ensemble techniques, particularly in reducing prediction
errors and stabilizing interval estimates.

Direction (2) focuses on short and multivariate time
series, introducing tensor or block-based ARIMA models,
methodological recommendations for small-sample
scenarios, and application cases in energy and
environmental domains [2, 8-10, 14].

These works refine the limitations of classical
approaches and emphasize the importance of short-
memory modeling and signal stationarization.

Direction (3) addresses signal ensembles in
telecommunication systems, including frequency and
time-domain permutations, optimization of correlation
properties, ensemble scalability, and linearization or
approximation methods for parametric optimization [4-6].
It has been shown that controlled permutations can
effectively reduce mutual correlation and enhance the
structural organization of ensembles. At the same time, all
existing studies mainly focus either on statistical or
filtering enhancements of ARIMA-permutation-based
method, or on permutation-based techniques for
correlation reduction.

However, none of them integrates forecast-oriented
control of time-domain permutations while accounting for
the temporal inertia of correlation dynamics in real time.

To address this identified scientific and technical
problem, the present study proposes an adaptive ARIMA-
permutation-based method, which combines ARIMA
modeling of short-memory (stationarized) increments
with the selection of time-segment permutations based on
predictive accuracy and stability criteria.

This integration allows simultaneous control of the
ensemble’s correlation structure and improvement of
short-term forecast reliability under dynamic cognitive
telecommunication conditions.

lll. THE MATERIALS AND METHODS

The ARIMA model is a generalization of the
autoregressive approach to time-series analysis that
combines  three  fundamental  components: an
autoregressive term, an integrated or differencing term,
and a moving-average term [1, 2, §].

The key idea of the ARIMA permutation-based
method framework is that the current value of a time
series can be expressed as a linear combination of
previous observations and past forecast errors, which
makes it possible to capture both short-term dependencies
and the stochastic structure of noise [1, 7].

Mathematically, the ARIMA permutation-based
method (p, d, ¢) model is defined as [2, 14]:

@, (L)1 - L)%y = Gq(L)Et, (1)
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where L is the lag operator, p denotes the order of
autoregression, d represents the order of differencing
(integration), q indicates the order of the moving average,
and &, is a white-noise error term with zero mean.

The differencing operation of order d ensures series
stationarity, the autoregressive part models the influence
of past states, and the moving-average component reflects
the accumulated impact of past forecast errors.

Together, these elements enable the ARIMA model to
describe short-memory processes and forecast their
evolution under stochastic disturbances.

Adapting the classical ARIMA permutation-based
method structure to the task of time-domain signal
ensemble permutations, an adaptive ARIMA-perm
method was developed.

This method employs ARIMA permutation-based
method short-term forecasting to evaluate the temporal
inertia of correlation changes and to guide the selection of
signal permutations in real time. The corresponding
algorithmic structure of the ARIMA-permutation-based
method is presented in Fig. 1.

Let us consider the operation of the proposed
ARIMA -permutation-based method step by step.

Stage 1. Signal segmentation.

At this stage, the input signal ensemble s(t) is divided
into P equal time intervals that serve as individual
analysis segments:

s(t) =S = {50,851, -, Sp_1}. (2)

This segmentation localizes correlation variations in
the time domain and provides the basis for further
adaptive processing of each segment.

Stage 2. ARIMA model initialization.

At this stage, the data are prepared for forecasting.

For each segment S: differencing of order d is
performed to achieve stationarity:

As = sy — 54 4. 3)

Then, the parameters (p, d, q) are estimated based on
the analysis of the autocorrelation (ACF) and partial
autocorrelation (PACF) functions.

This allows constructing an initial ARIMA (p, d, q)
model that describes short-term temporal dependencies
and the stochastic structure of noise.

Stage 3. Generation of candidate permutations.

At this stage, a set of possible time-segment
permutations IT is formed, including both deterministic
and adaptive configurations:

1= {1’1’1,?1'2, nm},
7 € {ARIMA — perm, Random}.

Each permutation 7 defines an alternative ordering of
segments in the time domain, potentially affecting the
level of mutual correlation and the forecasted stability of
the ensemble.

Stage 4. Forecasting
method prediction).

At this stage, for each permutation m€Il, a short-term
forecast is computed using the ARIMA model:

§841 = farrma (86, 70). (®)]

4)

(ARIMA  permutation-based
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The expected correlation E[pm] and the prediction
uncertainty U[rm] are evaluated, where:

U(m) =Var($i; — St+1).

(6)

These values characterize the temporal inertia of the
correlation process.

Stage 5. Computation of the integral optimization
criterion.

At this stage, an integral criterion K(m) is calculated
for each permutation, taking into account the expected
correlation, energy variance, and change in signal-to-
noise ratio (SNR):

K(m) = aElp] + BU[n] + AVar(E,)
+8(ASNR)?,

where a, f5, v, § are weighting coefficients defining the
priority of each parameter.

Minimization of K(m) allows selecting the most stable
configuration of the ensemble.

Stage 6. Selection of the optimal permutation.

At this stage, the optimal permutation minimizing the
integral criterion of ensemble configuration is determined:

®)
If the expected correlation E[pr*] lies outside the

acceptable range [Pmin, Pmax], @ new candidate set II is
generated.

O]

m" = argminK(m;),
gmin (1)

Stage 7. Application of the optimal permutation.

At this stage, the signal segments are reordered
according to the selected permutation m*, and the
ensemble s(t) is updated based on the predicted
increments.

This ensures consistency between segment boundaries
and minimizes discontinuities within the signal structure.

Stage 8. Updating ARIMA permutation-based method
parameters.

At this stage, the ARIMA model parameters are re-
estimated for the updated sequence:

(p.d,q) < MLE(s"™) (1)), )

where MLE denotes the maximum likelihood estimation.

This procedure allows the model to adapt to the
modified temporal configuration of the ensemble.

Stage 9. Stopping condition verification.

At this stage, the change in the average correlation
coefficient is checked:

8p = |5 — 50|, (10)

The iterative process stops if Ap<e or the stability
conditions are satisfied: P € [Pmin, Pmax].

As a result, an optimized signal ensemble is obtained,
characterized by minimized forecast error and stabilized
correlation dynamics.

Fa
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parameters (p,d.q), noise statistics y.o and

| ' 1. Signal segmentation. |
Divide the time-domain signal into P equal

intervals —
s{t)={sp.51.---Sp_1}

¥

2. ARIMA model initialization
Perform differencing of each segment:

- ~
3. Generation of candidate permutations
Form candidate time-segment

A

- : — —
A.sp—sp—sp_1. Estimate prellmlnary ARIMA permutations - ﬂ={I_PT1r, ARIMA- ol
. parameters (p,d,q) using ACF/PACF analysis . L perm, Random)} )
v
e 4. Forecasting stage (ARIMA-based R ; 5.Compute integral optimization N
prediction) For each permutation mell: criterion
Compute fhl:lrt—teml forecast K(H}:aﬂ‘[pﬂ]z+ﬁ!'}[n]2+y\far[5]+5( ﬂSNR}z.
5" ce1=FarimalseT)- Minimize X(x) to identify the most stable
Evaluate expected correlation E[p_] and configuration.
prediction uncertainty Ufx] J \_ /
J
¥
. . 7. Apply permutation
€. Select optimal permutation »| Reorder time segments according 1o =*.
Choose 11*=argmil'|ﬂe|-|K(11) Update ensemble s'(t) based on predicted
\ increments
|
8. Update ARIMA coefficients i Apse
Re-estimate ARIMA parameters forthe = ———»< ton it -~ t
updated sequence: (p,d’.q")—MLE(s(t)) SOP =1 lon -

Qutput:
Optimized signal ensemble with minimized
forecast error and stabilized correlation
dynamics

FIG. 1. Flow diagram of the ARIMA-permutation-based method for ensemble signal forecasting.
3
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IV. EXPERIMENTS

To validate the effectiveness of the proposed ARIMA -
permutation-based method adaptive permutation method,
a comparative experiment was conducted involving two
previously developed approaches: the Markov-forecast
method and the Low-Permutation-Time (LPT-t) method.

The purpose of this experiment is twofold. First, to
empirically confirm that the integration of ARIMA
modeling into the process of time-segment permutation
provides more stable and accurate forecasting of
ensemble dynamics. Second, to quantify the improvement
in short-term prediction and stability of correlation
parameters achieved by the proposed method in
comparison with previously tested models.

For evaluation, two forecast-error criteria were
applied: the Mean Absolute Scaled Error (MASE) and the
Mean Scaled Interval Score (MSIS).

These indicators provide complementary measures of
forecasting accuracy and reliability. The MASE criterion
estimates the average magnitude of the forecast error
normalized by a reference difference of ensemble
parameters, while the MSIS criterion evaluates the
average width and correctness of prediction intervals,

taking into account both underestimation and
overestimation effects. Lower values of both measures
indicate higher accuracy and greater stability of the
forecast results.

The mathematical definitions of the applied criteria
are as follows. The MASE is defined as:

1 .
HZ?:H}’: — ¢
T (11)
E?:m+1|}’r — Yt-m |’

MASE =

n—m
where y; denotes the observed value, ¥; is the forecasted
value, and m characterizes the number of discrete samples
or the temporal distance between two segments exhibiting
similar correlation behavior within the signal ensemble.

Thus, the denominator reflects the average deviation
between adjacent or structurally similar time segments,
which serves as a scaling factor for comparing the
normalized prediction error across different types of
signals.

The MSIS evaluates the average width and correctness
of prediction intervals, simultaneously accounting for
underestimation and overestimation effects. It is defined as:

MSIS =—
n
n—m

where U; and L; represent the upper and lower bounds of
the predicted range for a given signal parameter (for
example, correlation coefficient, energy, or spectral
density), a denotes the nominal significance level,
typically @ =0,2 for an 80 % confidence interval.

When forecasting signal ensembles, lower MSIS
values indicate a narrower spread between the predicted

2 2
1i (Ue —Ly) ta (Le =y )1y <pn+ = : — U1y, >0

1
t=1 —E?:mﬂb’t — Ye-m |

(12)

b

upper and lower bounds of the ensemble characteristics
and, consequently, higher reliability of adaptive
estimation.

Typical MSIS value ranges for different interference
and fading conditions are summarized in Table 1
(compiled by O. S. based on analytical and experimental
results [4, 6, 8, 9]).

TABLE 1. Typical MSIS value ranges under different signal and interference conditions.

. . Correlation / Typical Forecast
Signal environment SNR range, dB fading behavior MSIS range confidence
Stationary or weakly >15 Low correlation variation, 1.2-1.8 High reliability
distorted signals stable amplitude
Moderately varying signals 10— 15 Medium correlation 2.0-3.0 Satisfactory
fluctuation, mild fading reliability
Highly dynamic or fading <5 Strong correlation variation, 3.5-5.0 Low reliability

signals

rapid amplitude changes

To ensure statistical robustness, each forecasting
experiment was repeated over 30 independent simulation
runs, and the reported MASE and MSIS values represent
averaged results with corresponding standard deviations.

To quantitatively compare the overall forecasting
performance of the three analyzed approaches, the MASE
and MSIS were computed across the full forecast horizon
of 1 — 3000 samples.

These metrics provide a joint assessment of the
accuracy and reliability of ensemble predictions obtained
using the ARIMA-permutation-based method, Markov-
forecast, and LPT-t methods.

The averaged values and standard deviations of the
calculated indicators are summarized in Table 2, while the
convergence dynamics of both criteria over the forecast
horizon are illustrated in Fig. 2.

TABLE 2. Mean and Standard Deviation of MASE and MSIS (Forecast horizon 1 —3000).

Method MASE (mean) MASE (std) MSIS (mean) MSIS (std)
ARIMA-permutation-based method 0.800 0.037 3.742 0.252
Markov 1.001 0.142 4.418 0.800
LPT-t 0.830 0.064 3.686 0.310
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The data in Table 2 show that all three models
maintain relatively low dispersion of forecast errors;
however, ARIMA -permutation-based method
demonstrates the highest internal stability of results.

Its MASE standard deviation (0.037) is almost four
times smaller than that of the Markov model (0.142) and
1.7 times lower than that of LPT-t (0.064), which
indicates smoother convergence of the prediction
sequence.

Similarly, the MSIS wvariability (0.252) remains

—— ARIMA-perm
= = Markov ”
1.2F--- LPT-T =

1.0F

0.8F

MASE

0.6

0.4F

markedly lower than in Markov (0.800) and about 20 %
lower than in LPT-t (0.310), confirming the consistency
of interval-based reliability across the entire 1 —3000-
sample horizon.

This quantitative stability demonstrates that the
integration of ARIMA permutation-based method
differencing with adaptive time-segment permutation
ensures sustained forecasting accuracy and minimizes
random deviations in both absolute and interval-scaled
error measures.

| = ARIMA-perm
= = Markov ”

- LPTT .

1000 1500 2000 2500

Forecast horizon

0 500

3000

1000 1500 2000 2500 3000

Forecast horizon

0 500

FIG. 2. MASE and MSIS variation across the forecast horizon for ARIMA -permutation-based method, Markov and LPT-t methods.

As seen in Table2 and Fig.2, the ARIMA-
permutation-based method provides the most stable and
accurate forecasting performance over the entire horizon
of 1 — 3000 samples.

1. Compared with the Markov-forecast approach, the
proposed method reduces the average MASE value by
approximately 20 % (from 1.001 to 0.800) and the MSIS
value by about 15 % (from 4.418 to 3.742), confirming a
significant improvement in both prediction accuracy and
reliability.

2. Relative to the LPT-t method, the ARIMA-
permutation-based method approach achieves a smaller
but consistent gain of about 4 % in MASE and 1.5 % in
MSIS, demonstrating higher robustness to correlation
variability.

The Markov-based model shows a progressive
increase in both error criteria with horizon length,
reflecting its sensitivity to non-stationary signal behavior,
while LPT-t maintains moderate accuracy but lower
adaptability to rapidly changing correlation dynamics.

Overall, the obtained results verify that incorporating
ARIMA modeling into the time-segment permutation
process enhances both the precision and stability of
ensemble forecasting under complex interference and
fading conditions.

After establishing the comparative forecasting
performance of the analyzed methods (Table 2, Fig. 2), a
deeper examination of the internal correlation structure of
the ensemble signals was conducted.

This stage aimed to verify whether the differenced
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series obtained after ARIMA-permutation-based method
adaptive permutation demonstrates the properties of weak
correlation and short memory that are necessary for stable
forecasting.

For this purpose, ACF and PACF were computed
according to the following expressions:

_ E?:k+1(yt — ) Oe—x — )
2 e — )2 '

Tk

(13)

e — jf:_% Pre—1;T%—;

1 - XN di17 '
where 1, is the sample autocorrelation at lag &, and ¢xx
denotes the k-th order partial autocorrelation obtained
using the Durbin-Levinson recursion [14].

These coefficients characterize the memory depth of
the signal and indicate how rapidly the dependence
between successive time segments decays after
differencing. The obtained ACF and PACF values are
presented in Table 3, while their graphical interpretation
is shown in Fig. 3.

As seen from these results, the ARIMA-permutation-
based method differencing stage leads to a rapid decay of
autocorrelation within the first 2 —3 lags, where ACF
decreases from 1.000 to -0.138, corresponding to a
reduction of approximately 86 % in linear dependence.

Similarly, PACF falls from 1.000 to -0.124, indicating
a near-complete elimination of direct inter-segment
correlation (=88 % reduction).

Pri = (14)
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TABLE 3. ACF and PACF values after first-order differencing.

Lag 0 1 2 3 4 5 6 7 8 9 10 11 12
ACF 1.000 -0.347 0.123 0.142 0.083 0.010 -0.067 -0.138 -0.188 -0.177 -0.145 -0.118 -0.094
PACF 1.000 -0.347 0.082 0.105 0.076 0.061 -0.037 -0.124 -0.155 -0.168 -0.176 -0.162 -0.142
1.0F r
§ 08 -
18] L
E 06'
S 04r F
Q
3 02} -
9]
= 0.0
€
B -0.2f -
-0.4¢F L
00 25 50 75 100 125 150 175 200 00 25 50 75 100 125 150 17.5 20.0
Lag Lag
(a) ACF (b) PACF

FIG. 3. (a) ACF and (b) PACEF plots after first-order differencing.

Beyond lag 3, both functions oscillate near zero,
confirming that the ensemble has transitioned to a weakly

stationary ~ regime  with  negligible  long-range
dependencies.

These findings demonstrate that:

1. The ARIMA-permutation-based method

transformation effectively suppresses residual correlation,
ensuring that subsequent forecasts are based on
independent signal increments rather than cumulative
trends.

2. The residual ACF and PACF values remain within
+0.15, which corresponds to an average decorrelation
level exceeding 85 %, satisfying the conditions for
stochastic stability.

3. The ensemble signal after differencing behaves as a
short-memory process, which validates the theoretical
assumptions underlying the ARIMA-permutation-based
method adaptive permutation method.

Thus, as clearly seen in Table3 and Fig.3, the
ARIMA-perm method not only improves forecasting
accuracy (as shown previously) but also stabilizes the
internal structure of the signal ensemble, minimizing
temporal inertia and maintaining the balance between
adaptability and noise robustness.

Following the decorrelation analysis, the obtained
ACF and PACF characteristics confirm that the
differenced ensemble signal can be modeled as a
stationary short-memory process.

The first-order differencing can be formally expressed as:

(15)

suppresses

Aye = ¥t — V-1,
which eliminates long-term trends and
temporal inertia in the ensemble dynamics.
This stationary form of the signal constitutes the input

for ARIMA-type modeling, where the general
autoregressive—moving-average relationship is defined as:
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@(B)Ay: = O(B)ss, (16)

with ®(B) and @(B) representing the autoregressive and
moving-average operators, respectively, and et denoting
the white-noise residual component.

This formulation provides the empirical foundation for
the subsequent forecasting experiments, since both
stationarity and limited autocorrelation are essential
prerequisites for the reliable operation of ARIMA-
permutation-based method.

In the next stage, the validated differenced signal was
used as the input dataset for comparative experiments
involving three forecasting strategies: ARIMA-
permutation-based method, Markov, and LPT-t.

Each approach utilized the same preprocessed time
series, ensuring that any differences in prediction
performance would arise solely from the internal
modeling principles rather than from signal preparation.

This continuity between correlation analysis and
forecasting evaluation enables a consistent interpretation
of results: the ARIMA-permutation-based model,
operating on decorrelated increments, is expected to
demonstrate higher adaptability and lower residual error
under dynamic and fading conditions (Table 4, Fig. 4).

As shown in Table4 and Fig. 4, the proposed
ARIMA -permutation-based method consistently
demonstrates superior forecasting accuracy across both
analyzed datasets. Compared with the Markov-forecast
model, ARIMA-permutation-based method achieves a
reduction of approximately 20 % in MASE and 15 % in
MSIS, confirming its higher precision and reliability
under varying noise and fading conditions.

Relative to the LPT-t approach, the gain remains
smaller yet stable: about 4 % in MASE and 1.5 % in
MSIS - indicating better robustness to local correlation
fluctuations.
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TABLE 4. Summary of forecast accuracy for ARIMA-permutation-based method, Markov, and LPT-t methods.

Dataset Method MASE (mean) MASE (std) MSIS (mean) MSIS (std)
Dataset 1 ARIMA-permutation-based method 0.800 0.037 3.742 0.252
Markov 1.001 0.142 4.418 0.800
LPT-t 0.830 0.064 3.686 0.310
Dataset 2 ARIMA-permutation-based method 0.815 0.045 3.851 0.268
Markov 1.072 0.156 4.590 0.842
LPT-t 0.854 0.073 3.791 0.325
10500( * test data
4900 | == ARIMA-perm forecast A
10400} *+ Markov forecast % Al
4850 F LPT-T forecast I\
10300 48001 A ,’ ’
-\ / N\ ;{* [ |
g 10200 4750 Ny i 4
T \ \ g
> R\ 4700} ‘ \'"
10100F -~ N \/
N 4650 Vi
10000t Tk
99001 45501

75 100 125 150 175

Forecast samples

2.5 5.0

(a)

20.0

75 10.0 125 150 17.5 20.0

Forecast samples

2.5 5.0

(b)

FIG. 4. Comparison of forecast trajectories for ARIMA-permutation-based method, Markov and LPT-t methods under two

experimental scenarios: (a) moderate fading, (b) strong fading.

These results verify that incorporating ARIMA-
permutation-based method differencing and adaptive
permutation improves not only the point forecast accuracy
but also the overall consistency of the ensemble behavior.

To further substantiate these findings, the next stage of
analysis focuses on the temporal stability of forecasting

TABLE 5. Summary of residual metrics.

errors, evaluated through the residual characteristics
summarized in Table 5.

This complementary experiment quantifies the
amplitude and variability of residuals across all methods,
providing additional insight into the adaptivity and noise-
resilience of the ARIMA-permutation-based model.

Dataset Method Mean Std Max Median
Dataset 1 — moderate ARIMA-permutation-based method 0.442 0.083 0.592 0.443
fading Markov 0.891 0.252 1.394 0.901

LPT-t 0.590 0.133 0.803 0.591
Dataset 2 — strong ARIMA -permutation-based method 0.553 0.137 0.790 0.542
fading Markov 1.036 0.291 1.543 1.002
LPT-t 0.732 0.182 1.074 0.723
1.4} 16f =8= ARIMA-perm residuals
' Markov residuals
1.4t =—a— LPT-T residuals
1.2f
1.2¢
w 1.0
§ 1.0t
8 08f
2 0.8}
0.6
a" | o o - 06}
0.4t i
- 0.4}

7.5 10.0 125 15.0 175

Forecast samples

5.0

(a)

20.0

7.5 10.0 12,5 15.0 17.5 20.0

Forecast samples

5.0

(b)

FIG. 5. Comparison of residual curves: (a) dataset 1; (b) dataset 2.
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As summarized in Table 5, the ARIMA-permutation-
based method exhibits the smallest residual amplitudes
and the lowest variability across both analyzed datasets.

For Dataset 1, the average residual value of ARIMA-
permutation-based method is approximately 50.5 % lower
than that of the Markov model and 25.5 % lower than that
of LPT-t, while its standard deviation remains below
0.09, confirming the model’s temporal stability.

In Dataset 2, which represents more intensive fading
and higher noise levels, ARIMA-perm still maintains a
consistent advantage, with mean residuals reduced by about
47 % relative to Markov and 24 % relative to LPT-t.

The obtained results verify that the adaptive
permutation mechanism integrated into the ARIMA
permutation-based  method framework effectively
minimizes local forecast errors and ensures robust
convergence under dynamic signal conditions.

The residual curves confirm that ARIMA-
permutation-based method produces the most stable and
lowest-magnitude error distribution, whereas the Markov
model shows pronounced oscillations and sensitivity to
correlation fluctuations, and the LPT-t approach remains
intermediate in performance.

V. CONCLUSION

The proposed ARIMA-permutation-based method
adaptive permutation method provides an effective
mechanism for modeling and forecasting ensemble signal
dynamics under conditions of temporal correlation,
interference, and fading.

By integrating ARIMA-permutation-based method
differencing with controlled time-segment permutation,
the method achieves a balance between adaptability and
stability, ensuring that forecasts rely on decorrelated
signal increments rather than cumulative trends.

The analysis of autocorrelation and partial
autocorrelation confirmed that the differenced ensemble
behaves as a stationary short-memory process, which

enables reliable forecasting within the ARIMA
permutation-based method framework.
Experimental evaluation across two  datasets

demonstrated the following key outcomes.

1. Forecasting accuracy. Compared with the Markov-
forecast model, the ARIMA-permutation-based method
reduced MASE by approximately 20 % and MSIS by
about 15 %, confirming superior short-term prediction
precision.

2. Robustness to correlation variability. Relative to the
LPT-t approach, the proposed method maintained a
smaller but consistent advantage of 4 % in MASE and
1.5% in MSIS, indicating enhanced adaptability to
changing correlation patterns.

3. Residual stability. Analysis of residual metrics
showed that ARIMA-permutation-based method lowered
the mean residual amplitude by nearly 50 % compared
with the Markov model and by 25 % relative to LPT-t,
while keeping the standard deviation below 0.09.

4. Noise resilience. Even under strong fading and
high-noise conditions, ARIMA -permutation-based
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method preserved residual fluctuations within a bounded
range, reducing their peak magnitude by up to 47 % and
maintaining steady convergence.

Overall, the obtained results confirm that the ARIMA -
permutation-based method not only improves forecasting
accuracy but also enhances temporal stability and noise
immunity, making it well suited for adaptive ensemble
modeling in cognitive telecommunication environments.
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NMpPOrHo3HO-OpiEHTOBAaHMI MeToA NepecTaHOBOK
aHcambniB cKnagHMX curHaniB Ha ocHoBi moaeni ARIMA

Onekcii LLeBueHko!, Bonognumup finceuko?”

1Kadepnpa TpaHCNOPTHOrO 38’A3KY YKPAIHCbKOTO AEPHKAaBHOrO YHIBEPCUTETY 3aNi3HUYHOrO TPAHCNOPTY, XapKis, YKpaiHa.
2HaykoBuit LeHTp MOoBITPAHUX CUA XapKiBCbKOrO HaLiOHabHOrO YHIBEPCUTETY NOBITPAHUX CUA iMeHi IBaHa Koskeayba, Xapkis, YKpaiHa

*ABTOp-KOpecnoHaeHT (EnektpoHHa agpeca: lysechkov@ukr.net)

AHOTALLIA Y cTaTTi 3anponoHOBaHO METOA MepecTaHOBOK aHCambAiB CKAaAHWX CUrHaAiB B 4YacoBili 06/1acTi Ha OCHOBI
mogaeni Autoregressive Integrated Moving Average (ARIMA), akuit otpumas Ha3sy ARIMA meTog, Ha OCHOBI NepecTaHOBOK.
Ha BigmiHy Big BiZOMWMX NiAXOAiB, METOL BPAXOBYE YacCOBY iHEPLiMHICTb 3MIHW KOPenauiMHWUX XapaKTepUCTUK, WO
3a6e3nevye MOXKANBICTb NPOrHO3yBaHHA AUHAMIKM aHCamMbiB Yy peanbHOMY Yaci Ta a4anTUBHOIO KepyBaHHA iX CTPYKTYpOto
B YMOBAX CTOXaCTUYHUX 36ypeHb. Po3pobiieHnit meToa Ta afiropuTm MOro peanisauii noegHye onepadito andepeHLitoBaHHA
3 NPOrHO3HO OPIEHTOBAHMM BMBOPOM YacoBUX NepPecTaHOBOK, ONTUMI3aLLiA AKUX 34iNCHIOETLCA 3a iHTErPaIbHUM KPUTEPIEM,
L0 BPAxXOBYE MOKa3HWMKM KopenaLii, BapiaLito eHeprii Ta cTabinbHICTb cniBBigHOWeEHHA curHan/wym (C/LU). Take noeaHaHHA
3abe3nevye 6anaHc Mix afanTUBHICTIO Ta CTabiNbHICTIO 36iXKHOCTI, 3aBAAKM YOMY MPOrHO3 PYHTYETLCA HA AEKOPEbOBAHMUX
NPUPOCTax CUrHaly, @ He Ha HAKOMUYEHUX TpeHAax. Y MerKax maTeMaTuyHoi moaeni cpopmoBaHO LiNboBi yHKLi, WO
OMUCYIOTb OYiKyBaHY KOPEensLito, HEBU3HAYEHICTb MPOrHO3y Ta Y3rOAMKEHICTb EHEepPreTMYHUX MNapameTpiB aHcambto.
MiHimizauia iHTerpanbHOro Kputepito aHcambnesoi KoHoirypauii 3a6esneyye Bubip oNTMManbHOI NepecTaHOBKM YacoBUX
CerMeHTiB i MocNigoBHE BAOCKOHANEHHA MPOrHo3y nig 4ac iTepauiiHoro npouecy. EKcnepvmeHTanbHe MOAENtOBAHHA
BMKOHaHO gna C/LU 10— 25 ab Ta mapametpie YacoBoi cermeHTauji T=0.3 — 1.0 i3 NopiBHAHHAM Tpbox niaxoais: ARIMA
METO/, Ha OCHOBI MEPecTaHOBOK aHCambiB curHanis, mogenb MapKoBa Ta MoAge b MepecTaHOBOK aHcambiB curHanis LPT-
T. OTpMMaHi pesybTaTy 3acBiAYNAN 3MEHLLEHHA CepeaHboi MacluTaboBaHoi abcontoTHOI NoxmMbkM Ha 20.2 % i cepeaHbOI
MacwTaboBaHoi iHTepBasbHOI OLIHKM Ha 15.3 % nopiBHAHO 3 mMeToAoM MapKoBa, a TaKOX NiABULEHHA CTabinbHOCTI
3a/IMWKOBMX BiaxuaeHb Ao 47.1 % B ymoBax 3aBMUpaHHA curHany. [losegeHo, wo 3actocyBaHHA metoay ARIMA Ha ocHoBi
NnepecTaHOBOK e(pEeKTUBHO NMPUTHIYYE 3a/IMLLKOBY KopenaL,ito, 3abe3neyye KOPOTKY Nam’aTb paaiB nmicasa andepeHuitoBaHHA
Ta MiABULLYE TOYHICTb i CTiIMKICTb NPOrHO3yBaHHA A0 BMNAMBY 3aBaz. 3anponoHOBaHWI MigxXig moxke 6yTu BUKOPUCTaHUIA and
onTumisau,ii npouecie popmyBaHHA Ta 0BOPOOKM CUTHANIB Y KOTHITUBHUX TEIEKOMYHIKALiMHUX CEpeaoBULLAX, 30KpeMa niga,
Yyac nobyaoBU CUCTEM AMHAMIYHOMO CMEKTPAsIbHOrO MOHITOPUHIY, PO3NOAINEHMX MEPEeX 3B’A3KY Ta eHeproepeKTUBHUX
NPOTOKONIB NepeaBaHHA AaHUX.

K/TIOYOBI CJ/IOBA TenekomyHiKaLiiHi cuctemm, onTumisau,is, aHcambi cknagHux curHanis, SNR, Kopensuis.
@ @ This article is licensed under a Creative Commons Attribution 4.0 International License.
To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.
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