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THE METHOD FOR STOCHASTIC SIGNAL FORMATION USING
THE KARHUNEN-LOEVE TRANSFORM

Gariachiy M., Shcherbinin S. The method for stochastic signal formation using the Karhunen—Loéve transform.
The article addresses the problem of improving the spectral efficiency of stochastic signals in information and control systems
operating under limited radio-frequency resources, nonlinear distortions, and interference. It is shown that conventional signal
generation and processing techniques do not provide a stable reduction in spectral redundancy for a broad class of stochastic
processes. Moreover, the use of nonlinear models without accounting for the statistical structure of the input signal may lead to
deterioration of its spectral characteristics and an increase in model complexity. An improved stochastic signal generation algorithm
based on the combined use of the Karhunen—Loéve transform and a nonlinear Volterra model is proposed. The key feature of the
approach is the implementation of nonlinear processing in the principal-component domain. This provides decorrelation of signal
components, energy concentration, and better matching of the Volterra kernel structure to the statistical properties of the processed
signal. As a result, the parametric complexity of the nonlinear model can be reduced while enabling controlled formation of the
output spectral characteristics. Numerical simulation results demonstrate that, for structured stochastic signals, the proposed
algorithm reduces the effective spectral bandwidth and improves spectral efficiency. For noise-like signals, however, nonlinear
processing without prior statistical decorrelation is shown to be less effective. The obtained results confirm the feasibility of
combining orthogonal statistical decomposition with nonlinear modelling for generating stochastic signals with specified spectral
properties. The proposed approach can be applied in control, communication, and radar systems requiring improved spectral
efficiency and robustness to interference.
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T'apsrunii M. B., Illep6inin C. O. MeTtoa (popMyBaHHsSI CTOXaCTHYHUX CHTHAJIB i3 BUKOPHUCTAHHSAM MepeTBOPeHHs
Kapxynena-JloeBa. Y craTTi BUpimIeHO 3amady MiABUINCHHS CHEKTPAIGHOI €(EKTUBHOCTI CTOXAaCTUYHHX CHTHATIB B
iH(pOpMALIITHUX cHCTEeMaX YIPaBIiHHSA B yMOBaX OOMEXKEHOTO palioYacTOTHOTO PECYpCy Ta HAasBHOCTI HEJIIHIHHUX CIIOTBOPEHb i
3aBaj. JlokazaHo mo KiacuuHi Meroau (opMyBaHHS Ta OOpOOJECHHS CHTHATIB HE 3a0e3MedyioTh CTaOUIFHOTO 3MEHIICHHS
CIEKTPAILHOI HaIMIPHOCTI IS IMMPOKOTO KIIACy CTOXACTHYHHX IIPOLECiB, a 3aCTOCYBAHHS HEMIHIMHUX Mozerell 6e3 ypaxyBaHHS
CTAaTHCTUYIHOI CTPYKTypH CHUTHATy MOXE NPH3BOAUTH OO MOTIPIICHHS CIIEKTPAIbHUX XapaKTEPUCTHK. 3ampONOHOBAHO
BIOCKOHAIICHHH aNrOpuT™M (OPMYBAaHHS CTOXAaCTUYHHMX CHTHAJIB, IO IPYHTYE€TbCS Ha KOMOIHOBAHOMY BHKOPHCTaHHI
niepetBopeHHst Kapxynena—Jloea Ta HemniHiltHOT Moaemni BomsTeppa. KirtouoBoro oco06muBicTiO maX0my € IepeHeceHHs HeliHIHHOT
00pOOKH y TpOCTip TOJOBHHX KOMIIOHEHT, IIO 3a0e3redye AEKOPEeIIiI0 CKIAJNOBHX CHTHATy, KOHIIGHTpALilo eHeprii Ta
Y3TODKEHHS CTPYKTYPH Siipa 3 10T0 CTaTHCTUYHUMH BIACTHBOCTSMHU. Lle 103BOJIsIE 3MEHIINTH MTapaMeTPHYHy CKIaJHICTh MOJENi
Ta 3a0e3MeunTH KepoBaHe ()OPMYBAHHS CHEKTPAIBHAX XapaKTEePUCTHUK. Pe3ylIbTaT 9iCeNbHOT0 MOCITIOBAHHS i ITBEPVIIH, IO
JUTSL CTPYKTYPOBAHHIX CTOXaCTHYHUX CHTHAJIB 3aIIPONOHOBAHUN aJrOpUTM 3a0e3medye 3MEeHIIECHHS epeKTHBHOI MUPHUHH CIIEKTpa
Ta TiJBUIIEHHS CIIEKTPaIbHOI e)eKTHBHOCTI, TOAI SIK I IIyMOIMOAIOHNX CHTHANIB 0e3 MONepeaHb0i CTATUCTUYHOI AeKOPEIIALIil
e(eKTUBHICTH HENHIHHOT 00po0KH 3HIKYy€eThesl. OTpuMaHi pe3yabTaTé CBiMYATh MPO JOMIIBHICTH MOETHAHHS OPTOrOHAIBLHOTO
CTaTHCTUIHOTO PO3KIAMy Ta HEJHIHHOTO MOAETIOBAHHS /ISl (JOPMYBAHHS CTOXAaCTHIHUX CHTHAJIB 13 3aHaHUMH CHEKTPAILHIMH
XapaKTepUCTHKAaMHU. 3aIPOIIOHOBAHUHN ITiAXiJ MOXKe OyTH BHKOPHCTAHHMH y CHCTEMAax YIPAaBIIHHS, 3B’S3Ky Ta pajioyokarii 3
i ABUIICHUMH BUMOTaMH JI0 CTIEKTPAIBEHOI €)EeKTUBHOCTI Ta 3aBaJOCTIHKOCTI.

Konro4oBi ci1oBa: cTroxacTUdHI CUTHANHM, CHEKTpabHa epeKTHBHICTH, epeTBopeHHs Kapxynena—Jloesa, psimu Bonbrepa,
HeJTiHIfHe MOJIEIIIOBAHHS, EKOPEIILis, IHpOpMAIliifHi CHCTEMH yIIPaBITiHHS.

Statement of a scientific problem.

Modern information control systems operate under conditions of severe scarcity of radio frequency
resources and high levels of both natural and artificial interference. The transmission of stochastic signals
in such systems requires high spectral efficiency, robustness, and adaptability to time-varying statistical
characteristics of the communication channel. Conventional signal design methods based on linear models
or fixed orthogonal transforms exhibit limited performance when dealing with signals characterized by
complex nonlinear structures and strong temporal correlations.

Recent studies demonstrate the potential of the Karhunen—-Loéve Transform (KLT) for compact
spectral representation and energy concentration of stochastic processes [1-3]. At the same time, research
in adaptive signal processing for radar and communication systems shows that the KLT is an effective tool
for noise suppression, component decorrelation, and improvement of detection performance [4, 5].
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However, the standalone application of the KL T is limited in problems where nonlinear interactions and
memory effects of stochastic processes play a significant role.

On the other hand, Volterra series represent one of the most powerful mathematical tools for
modeling nonlinear systems with memory, enabling the description of complex dependencies in stochastic
signal time series [6, 7]. However, their practical application remains challenging due to high parametric
dimensionality, regularization issues, and the accumulation of statistical errors during kernel estimation.

Nevertheless, the problem of developing a method for the formation and optimization of stochastic
signals remains unresolved. Such a method should simultaneously account for nonlinear interactions and
memory effects of the process, ensure minimization of spectral redundancy and efficient energy
representation, possess adaptability to time-varying statistical characteristics of the communication
channel, and improve interference immunity as well as the probability of correct detection under complex
electromagnetic environments.

Therefore, the search for an integrated approach that combines the capabilities of Volterra series with
the optimization properties of the Karhunen—Lo¢ve Transform is a relevant and important scientific task.

Research analysis.

Based on the analysis of scientific publications devoted to orthogonal expansions of stochastic
processes, it has been established that the Karhunen—-Loéve Transform (KLT) is one of the most
theoretically grounded tools for representing random signals. In the fundamental works of Lo¢ve and
Kosambi, the Kosambi—Karhunen-Lo¢ve theorem was formulated, which defines the optimal
representation of a stochastic process in the basis of eigenfunctions of the covariance operator and ensures
the minimum mean-square approximation error for a limited number of components [1, 8]. The further
development of these ideas is reflected in principal component analysis (PCA), which represents a discrete
analogue of the KLT, as confirmed by generalized results of survey studies [2].

At the same time, an analysis of contemporary studies shows that PCA and KLT are predominantly
employed as tools for statistical analysis, data compression, and dimensionality reduction. In particular, in
problems of stochastic modeling and reliability analysis, the KL T is mainly used for random field reduction
and improving the computational efficiency of numerical methods [9-13]. However, such approaches are
primarily focused on analysis and numerical modeling rather than on the synthesis of stochastic signals
with prescribed spectral characteristics under conditions of limited frequency resources.

A separate line of research is associated with the application of the KLT to enhance interference
immunity and improve signal detection performance. It has been shown that adapting the basis to the
statistical properties of the process provides superior performance compared to classical spectral methods,
particularly in tasks such as weak signal detection, signal-to-noise ratio improvement, and suppression of
nonstationary interference [4, 5, 14-16]. At the same time, in these studies, the KLT is predominantly
applied at the stage of received signal processing, which limits the ability to influence the spectral
characteristics of signals at the stage of their synthesis.

The literature also highlights that the choice of an orthogonal basis significantly influences the
spectral localization and redundancy of signals. However, the problem of purposeful synthesis of stochastic
signals with optimized spectral characteristics is scarcely addressed within these approaches [17].

In parallel, nonlinear models for signal generation and processing are widely studied, particularly
Volterra series and their modifications, which enable the consideration of system nonlinearity and memory
effects [6, 7, 18]. However, it is emphasized that as the order of nonlinearity increases, the parametric
complexity of such models grows rapidly, while the lack of consistency with the statistical structure of
signals may lead to degradation of their spectral characteristics.

Local studies have primarily focused on the application of the KLT in signal compression,
recognition, and reconstruction, particularly through the optimization of spectral component sets based on
the probability of correct recognition [19-21]. Meanwhile, issues related to improving spectral efficiency
in communication channels remain of secondary importance.

It can therefore be concluded that the Karhunen—Loéve Transform is an effective tool for
decorrelation and energy concentration of stochastic signals [1, 2, 9, 12, 13]. However, its potential as a
means for the synthesis of stochastic signals with controlled spectral characteristics and enhanced
interference immunity remains insufficiently exploited. This indicates the existence of a scientific gap
related to the development of methods for stochastic signal synthesis based on the KLT, aimed at improving
spectral efficiency under conditions of limited radio frequency resources.
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The purpose of the work. The aim of this work is to develop and improve methods for the synthesis
of stochastic signals based on the Karhunen—Loéve Transform in order to enhance spectral efficiency in
electronic communication systems.

Presentation of the main material and substantiation of the obtained research results.

In modern information management systems, the problem of efficient utilization of limited radio
frequency resources is becoming increasingly important. Stochastic signals, despite their inherent
advantages in terms of interference immunity and low probability of detection, are characterized by a non-
uniform energy distribution in the spectral domain, which results in increased spectral redundancy and an
effective widening of the occupied bandwidth. This limits their applicability in systems where spectral
efficiency is a critical performance metric.

Conventional methods of signal generation and processing, including time—frequency transforms and
linear filtering techniques, do not provide a sufficient level of adaptation to the statistical properties of
stochastic processes. The use of nonlinear models, particularly Volterra series, enables the consideration of
memory effects and nonlinear interactions between signal samples. However, without prior alignment with
the statistical structure of the signal, such approaches may lead to uncontrolled spectral expansion and
increased parametric complexity.

Therefore, it is advisable to employ methods capable of reducing the internal statistical redundancy
of stochastic signals already at the stage of their synthesis. The Karhunen—Loéve Transform provides
optimal decorrelation of the components of a stochastic process and concentrates energy within a limited
number of principal components, thereby enabling purposeful control of the signal’s spectral
characteristics.

The combination of such a statistically consistent representation with nonlinear processing enables
the synthesis of signals with improved spectral properties without significant loss of information content
[6].

In view of the above, this paper proposes an algorithm for the synthesis of stochastic signals based
on the combined use of the Karhunen—Lo¢ve Transform and nonlinear modeling. This approach enables a
reduction in spectral redundancy, ensures consistency of nonlinear processing with the statistical structure
of the signal, and creates conditions for improving spectral efficiency in systems with limited frequency
resources.

The analysis of the results and limitations of existing approaches shows that the efficiency of
stochastic signal synthesis based on Volterra series significantly depends on the consistency of the kernel
structure with the internal statistical properties of the signal. As demonstrated in previous studies, fixed or
weakly adaptive models improve spectral characteristics primarily for signals with stationary or structured
correlation properties, whereas for broadband stochastic realizations they may lead to the opposite effect —
namely, an increase in spectral redundancy and an expansion of the effective bandwidth.

This necessitates a transition from isolated nonlinear processing procedures to a holistic algorithmic
framework that integrates preliminary statistical signal conditioning, adaptive kernel structure formation,
and spectral efficiency control using feedback mechanisms. Such a step-by-step organization of the process
is implemented in the proposed stochastic signal synthesis algorithm.

To ensure a stable increase in spectral efficiency, an adaptive feedback criterion based on the
evaluation of spectral efficiency variation is incorporated into the algorithm. The Karhunen—Loéve
Transform is applied only if the energy criterion (1) is satisfied, after which the result of nonlinear
processing is evaluated using the spectral efficiency metric ASE. In the case of a negative or insufficient
increase in spectral efficiency, the parameters of the nonlinear model are adaptively adjusted, which allows
avoidance of spectral expansion regimes and ensures that the algorithm operates within the region of
effective performance.

Formally, the decision criterion for the application of the KLT is defined as (1):

k L
2 /11' = n 2 Ai
i=1 i=1

ASE = eSE

(1)

min

where A; — the eigenvalues of the signal covariance matrix obtained as a result of the Karhunen—Lo¢ve
Transform;
L — the full dimension of the feature space;
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k — the number of retained principal components;

Nmin— the minimum acceptable fraction of cumulative energy retained in the first k components

(typically 0.9);

ASE— the relative change in spectral efficiency after processing;

eSE— the threshold value of spectral efficiency improvement considered sufficient.

A block diagram of the algorithm for optimizing the spectral characteristics of stochastic signals
based on the combination of Volterra series and the Karhunen—Loéve Transform is presented in Fig. 1.
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Preprocessing

Karhunen—
Loéve
Transform

Figure 1 — Block diagram of the algorithm for optimizing the spectral characteristics of stochastic signals
based on the combination of Volterra series and the Karhunen—Loéve Transform

As shown in Fig. 1, the algorithm implements a combined approach in which preliminary statistical
signal processing is complemented by optimization in the space of principal components. This sequence
makes it possible to reduce spectral redundancy and improve spectral efficiency through the use of the
Karhunen-Loéve Transform and a nonlinear Volterra model while maintaining reduced computational
complexity. The proposed algorithm represents a further development of the approach presented in previous

studies (Fig. 2) [22].
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In contrast to the baseline scheme, the improved algorithm implements step-by-step statistical signal
conditioning, adaptive formation of the kernel structure, and spectral efficiency control using a feedback
mechanism. The key enhancement lies in aligning the parameters of the Volterra kernel with the internal
statistical properties of the signal, which makes it possible to prevent uncontrolled spectral expansion in
broadband stochastic realizations while preserving the beneficial spectral compression effect for structured
signals. This approach ensures a stable improvement in spectral efficiency under conditions of limited
frequency resources and makes the algorithm suitable for practical application in information control
systems with nonlinear distortions and memory effects.

The main stages of the algorithm for optimizing the spectral characteristics of stochastic signals
based on the combination of Volterra series and the Karhunen—Loéve Transform are as follows:

1. Representation of the input stochastic signal.

2. Preprocessing of the signal, including normalization and removal of the DC component.

3. Application of the Karhunen—Loéve Transform.

4. Extraction of principal components and projection of the signal onto the principal component
space.

START

v

Input signal

Preprocessing

Is additiona
processing
equired?

Yes

Normalization Yes,| DC-component
——= removal

No

\ 4
Volterra kernel
construction

4
Nonlinear
processing

Ananrauis
napamerpis

Has the spectral
cfliciency increased?

Yes
v

Output signal

END

Figure 2 — Block diagram of the algorithm for implementing the proposed method of stochastic signal
synthesis and nonlinear processing based on Volterra series

5. Formation of a nonlinear model based on Volterra series.
6. Nonlinear signal processing and adaptive adjustment of model parameters.
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7. Inverse transformation from the principal component space to the time domain.

8. Evaluation of the spectral efficiency of the synthesized signal.

At the first stage of the algorithm, the input stochastic signal is preprocessed. The purpose of this
stage is to ensure the correctness and efficiency of signal optimization through normalization, i.e., adjusting
the signal amplitude to achieve the desired energy characteristics, and centering, i.e., ensuring a zero mean
of the signal. Centering is performed to obtain a symmetric covariance matrix and to eliminate parasitic
components.

During the preprocessing stage, normalization is carried out with respect to both amplitude and total
energy of the input signal. While amplitude normalization limits the range of signal values and prevents
excessive computational complexity, energy normalization ensures consistency of signal energy
characteristics and enables stable extraction of principal components.

Normalization with respect to total energy (2) is performed such that the normalized signal has unit
total energy.

N
E = ;|x(n)2|, )

where £ — total energy of the signal;
x(n) — input signal;
N — number of samples.

The normalized signal is defined as (3):

<)

Xnorm = \/E

Normalization with respect to total energy eliminates the influence of signal energy on the
decomposition results. In the proposed algorithm, a combination of amplitude and energy normalization is
employed, as defined in (4):

G)

x[n] E,
xnorm[n] = ' 2
|x[n]|max y x[n] 4)
TR

where X, 0,-m [1] — normalized signal at the n-th sample;
x[n] — input signal at the n-th sample;
Ey_normalized signal energy value;
N —number of samples.

According to (3), the signal is sequentially normalized through amplitude limiting and energy
matching. First, the signal is scaled such that the maximum absolute amplitude becomes equal to unity,
which prevents the occurrence of excessive peak values in the processed signal. Subsequently, the total
signal energy is adjusted to match its normalized value. Satisfying this condition ensures uniform energy
conditions for different realizations of the stochastic signal when analyzing processing results and spectral
efficiency.

Fig. 3 illustrates an example of combined normalization of filtered white noise.
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Figure 3 — An example of combined normalization of filtered white noise

As shown in Fig. 3, after applying combined normalization, the amplitude of the filtered white noise
is reduced in such a way as to ensure uniformity of both the maximum amplitude and the total energy, while
the waveform remains unchanged.

Thus, preliminary energy normalization is an essential stage in the preparation of stochastic signals
for spectral optimization and decorrelation tasks aimed at improving data processing efficiency in
information systems.

Based on the normalization results, a decision is made to perform signal centering (Fig. 4). The
purpose of centering is to eliminate the mean value of the signal samples. This requirement arises from the
fact that the signal energy should be associated with its fluctuating component rather than with its constant
component. If the mean value of the stochastic signal is nonzero, this may increase the risk of the
appearance of a zero-frequency component in the signal spectrum, which leads to incorrect decorrelation
of signal components.

Normalized signal before centering

0.2 4

0.1 1

0.0 4

Amplitude

=0.1

0.0 0.2 0.4 0.6 0.8 10

Time, ms

Centered signal

0.2 4

0.1 4

0.0 4

Amplitude

=0,1 4

0.0 0.2 0.4 0.6 0.8 1.0
Time, ms

Figure 4 — An example of centering normalized filtered white noise
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As shown in Fig. 4, after the centering operation, the mean level of the signal is shifted to zero.
Although the waveform and stochastic nature of the signal fluctuations are preserved, its constant
component (which could lead to the appearance of energy at zero frequency) is eliminated. This ensures
the removal of parasitic DC offsets.

Following the preprocessing steps, which include normalization of the stochastic signal in terms of
energy and amplitude, as well as centering, the signal is processed using the Karhunen—Loéve Transform.

The Karhunen—Lo¢ve Transform involves the construction of the covariance matrix, computation of
eigenvalues and eigenvectors, and projection of the signal onto the principal component space. A detailed
mathematical description of this procedure is provided in the previous sections.

Prior to applying the Karhunen—Loéve Transform, a feature matrix is formed (Fig. 5) for subsequent
processing.

—#=Composite signal
al \ —+—Component signal 1
=#=Component signal 2
Component signal 3

—#=Component signal 4
Component signal 5
1

Amplitude

o 10 20 30 an 50
Discrete sample index (n)

Figure 5 — Feature matrix construction based on the signal

Fig. 5 illustrates the process of feature matrix construction based on the signal. The signal is divided
into short segments of fixed length (features), which are sequentially extracted along the signal samples.
Each segment represents an individual feature vector that is subsequently used to construct the covariance
matrix in the Karhunen—Loéve Transform. The extracted features (shown in different colors) reflect the
local structure of the signal, ensuring the adaptability of the method to the statistical properties of the
process.

The normalized and centered signal x[n] is represented as a set of sequences (segments), the total
number of which is L, each containing N samples. Segmenting the signal allows obtaining a statistically
reliable estimate of the covariance matrix based on multiple realizations of the process, provides a locally
averaged assessment of correlations between samples, and prepares the data for effective extraction of
principal components using the Karhunen—Loéve Transform.

As a result, a matrix X of size N X L is formed, where N is the window length (number of samples
in each segment), and L is the number of segments obtained by sliding the window along the signal, (5):

x1[1]  x,[1] x[1]
x1[2]  x;[2] x,[2]

X = . . .o - )
xliN] xth] xLiN]

where x;[n] — the n-th sample in the [-th segment.

Based on the constructed feature matrix, the covariance matrix of the signal is computed as (6):

K =XXT (6)

where K € RM*M _ the feature covariance matrix;
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XT — the transposed feature matrix.

Based on the constructed covariance matrix, the eigenvalues and eigenvectors are computed (Fig. 6).
0.0020f
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0.0010¢

Eigenvalue

0.0005

0.0000¢ h i i . L | ] !
2.5 5.0 1o 10.0 125 15.0 17.5 200

Principal component index
Figure 6 — Eigenvalue spectrum of the covariance matrix

As shown in Fig. 6, the eigenvalue spectrum of the covariance matrix exhibits a pronounced decaying
behavior: the first few eigenvalues significantly exceed the subsequent ones in magnitude. This indicates
that the majority of the signal energy is concentrated in a small number of principal components, while the
remaining components contribute only marginally to the total energy of the process.

Such behavior of the spectrum is typical for stochastic signals with inherent redundancy and justifies
the elimination of low-informative components in order to reduce dimensionality and optimize the spectral
characteristics of the signal.

Fig. 7 shows the eigenvalue distribution of the covariance matrix, illustrating the number of
components required to ensure the reconstruction of the total signal energy. As can be seen from the figure,
the first 10 principal components allow almost complete recovery of the signal energy. Further increase in
the number of components has only a negligible effect on energy reconstruction, indicating their low
informativeness and justifying their exclusion from further processing.

The application of the Karhunen—Lo¢ve Transform provides decorrelation of signal components,
reduces information redundancy, and forms an optimal representation of the process in the basis of principal
components. This is achieved through the construction of the covariance matrix, computation of its
eigenvalues and eigenvectors, and transformation into the optimal principal component basis.

L0t
0.8
06}
04
0.2r

25 5.0 75 10.0 125 15.0 175 20.0

Number of Principal Components
Figure 7 — Eigenvalue distribution of the covariance matrix

Cumulative Explained Variance

Therefore, for efficient analysis of a stochastic signal, it is sufficient to consider only those
components that account for 95% of the total energy. This makes it possible to reduce data dimensionality
without significant loss in the quality of signal reconstruction.

As shown in Fig. 8, the signal reconstructed using 10 principal components closely approximates
the shape of the original input signal. The main characteristics of the signal, such as its energy structure and
stochastic fluctuations, are preserved. Although the overall appearance of the signal after dimensionality
reduction remains nearly identical to the input, minor local deviations are observed. This confirms the
effectiveness of the Karhunen—Loeve Transform for signal dimensionality reduction without significant
loss of information, which is a crucial advantage for further optimization of stochastic signal processing.

© Gariachiy M., Shcherbinin S.



368  Hayxosuii sicypran "Komn’1oTepHO-iHTETpOBaHi TEXHOJIOTII: OCBiTa, HaAyKa, BAPOOHUITBO"
Jhywk, 2026. Bunyck Ne 64

0.10 Original Signal

—Reconstructed Signal
(10 Components)

0.05f

Amplitude

il | L . |r|
ool il RLLARIA R ALY
..:],Er._r:‘:!f :r[’i||“||]-’|'.|| |

-0.05

0.0 0.2 0.4 0.6 0.8 1.0
Time (ms)

Figure 8 — Signal reconstruction using principal components

Based on the results of signal analysis using the Karhunen—Lo¢ve Transform and the determination
of the required number of principal components containing at least 90% of the cumulative signal energy,
the process of signal structure optimization is initiated through nonlinear processing in a reduced-
dimensional space.

Accordingly, a second-order Volterra model is constructed using only the selected principal
components. In this model, the memory depth M is also taken into account. The main objective of this stage
is to achieve an effective combination of decorrelation and nonlinear modeling techniques [23]. The
optimization of the Volterra kernel parameters is performed by minimizing spectral redundancy or the
mean-square error in the principal component space using an adaptive weight adjustment procedure, which
ensures maximum energy concentration within a narrow spectral range.

After completing signal processing in the principal component space and optimizing the Volterra
kernel parameters, the signal is transformed back into the time domain by combining the principal
components with the corresponding eigenvectors (basis functions) obtained from the Karhunen—Loéve
Transform, as defined in (7):

2 = T, Z2(n) - e, ©)
where X(n) — reconstructed signal;
Zr, — value of the processed k-th component at the n-th sample;
ey — eigenvector (basis function) corresponding to the k-th principal component;
M — number of retained principal components.

The application of (7) enables the reconstruction of the signal from its optimized low-dimensional
representation with reduced redundancy. As a result, a more compact and spectrally efficient signal in the
time domain is obtained.

Fig. 9 shows the reconstructed signal after nonlinear processing in the principal component space
using a second-order Volterra model. The upper plot represents the input centered and normalized signal,
while the lower plot shows the reconstructed signal after processing in the principal component space.

As can be seen from the figure, the reconstructed signal preserves the main features of the original
signal, while minor fluctuations are smoothed out. This indicates effective reduction of spectral redundancy
without loss of essential information.
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Figure 9 — Reconstructed signal after nonlinear processing in the principal component space

The final stage involves evaluating the spectral efficiency of the reconstructed signal based on
changes in the power spectral density. This evaluation makes it possible to assess the achieved reduction in
spectral bandwidth and the improvement in energy compactness.

Analysis of Fig. 10 shows that, after signal processing using the combination of the Karhunen—
Loéve Transform and Volterra series, the signal energy becomes concentrated within a narrower frequency
band. In addition, a reduction in spectral redundancy is observed, indicating improved spectral efficiency.

Power Spectral Density Before and After Processing
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Figure 10 — Comparison of the power spectral density

As shown in Fig. 11, to preserve 90% of the signal energy, it is sufficient to retain only the first 10
principal components, since the contribution of the remaining components is negligible. This indicates the
feasibility of discarding higher-order components in order to reduce signal dimensionality without
significant loss of information.
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Figure 11 — Cumulative energy fraction in principal components

Fig. 12 presents the signal spectra before and after processing. As can be observed, the processed
signal exhibits a lower amplitude but a smoother spectral shape with less pronounced high-frequency
components. This confirms the reduction of spectral redundancy and the improvement of energy
compactness while preserving the overall signal structure.

Comparison of Original and Processed Signals
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Figure 12 — Comparison of the original and processed signal spectra

The summarized results are presented in Table 1.
Table 1 — Comparison of spectral efficiency metrics of the signal before and after processing

Ne Metric Befor_e After processing Change (%)
processing

1. | Spectral bandwidth 300 ~270 —-10

2. | Spectral entropy (rel. units) 5.89 5,23 —11.2

3. | Energy fraction in 10 principal components ~0.9 ~0,9 -

4. | Spectral redundancy (normalized) 1.00 0,89 —11

5. | Spectral efficiency gain ~+11%

Analysis of Table 1 indicates that the application of the combined signal processing method —
namely, the Karhunen-Loéve Transform in conjunction with a second-order Volterra model — enables a
moderate but stable improvement in spectral efficiency. The reduction in spectral bandwidth by
approximately 10%, along with the decrease in spectral entropy and normalized spectral redundancy,
indicates that the signal energy becomes more concentrated within a narrower frequency range with fewer
redundant components. At the same time, the preservation of a high energy fraction within the first 10
principal components confirms that the processing does not result in significant loss of informative signal
content. Therefore, the proposed method achieves a balance between compression, decorrelation, and
reconstruction accuracy of the stochastic signal.
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Although the application of the algorithm for optimizing the spectral characteristics of stochastic
signals through the combination of Volterra series and the Karhunen-Loéve Transform enables positive
improvements in spectral efficiency, numerical simulations indicates that the operation of modermn
information systems is influenced by various types of interference. These include, in particular, spoofing
systems as well as dynamic changes in the radio frequency environment, which can significantly affect the
performance of the algorithm.

Thus, signal processing in real-world conditions requires robustness of the applied methods to
interference with varying spectral structures, including impulsive and adaptive interference, as well as
fluctuations in frequency characteristics. Therefore, it is necessary to evaluate the robustness of the
proposed methods to interference and their ability to adapt to dynamically changing environmental
conditions.

According to experimental data [23], in the presence of noise interference, the spectral bandwidth
increases on average by 15-35%, which proportionally reduces spectral efficiency.

The results reported in [4] show that, during interference modeling in FMCW radar systems, static
methods exhibit a decrease in the percentage of correctly decoded signals, while the spectral bandwidth
increases on average by 18-25%. In addition, under broadband jamming conditions, a reduction of the
useful transmission bandwidth by 20-30% is observed, which directly affects spectral efficiency.

As shown in Fig. 13, under nominal conditions (i.e., in the absence of interference), the spectral
efficiency of the system reaches 100%, which serves as a baseline reference level. In the presence of
interference and without adaptive processing, spectral efficiency decreases to 76%, indicating a loss of
nearly one-quarter of the transmitted information or an effective expansion of the occupied bandwidth. In
contrast, the application of adaptive signal processing methods (such as modification of the Volterra kernel
structure or adaptation of the KLT basis) allows the spectral efficiency to be restored up to 92%,
representing a significant improvement compared to the fixed approach. Thus, the figure clearly
demonstrates the necessity of incorporating adaptive mechanisms into signal processing algorithms,
particularly under conditions of a dynamic radio-frequency environment.

Spectral Efficiency (Normalized)

No Interference Interference without Interference with
Adaptation Adaptation

Figure 13 — Comparison of spectral efficiency under interference conditions

Fig. 14 illustrates the variation of spectral efficiency depending on the signal processing method
(fixed, KLT, KLT+Volterra) and the interference scenario.
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Figure 14 — Comparison of signal processing methods under interference conditions

An interference scenario is a generalized concept that describes a specific situation or conditions of
interference impact on a signal processing system. In the context of modeling, each scenario represents a
set of parameters that characterize the type, intensity, and structure of interference arising in the
communication environment.

In this study, the interference scenarios are defined as follows:

Scenario 0 — nominal conditions, no interference (reference case).

Scenario 1 — low-frequency jamming (an example of active electronic warfare, EW).

Scenario 2 — impulsive interference with random distribution.

Scenario 3 — wideband noise jamming and spoofing.

Scenario 4 — combined attack: frequency fluctuations and adaptive signal imitation.

Such a classification enables a systematic evaluation of algorithm robustness under different types
of signal interference. Typically, each scenario is implemented as a software simulation or an emulated
environment with varying signal-to-noise ratios, spectral shifts, and modulation characteristics of the
interference. It is evident that as the intensity and complexity of interference increase (from Scenario O to
Scenario 4), fixed methods lose stability, with efficiency dropping to 63%, whereas the combined method
maintains a performance level above 80%. This demonstrates the robustness of the adaptive approach under
complex interference conditions.

The generalized simulation results are presented in Table 2, which illustrates the dependence of
spectral efficiency on the signal processing method and the complexity of the interference scenario.
Additionally, a brief description of each scenario is provided to facilitate the interpretation of the testing
conditions.

Table 2 — Comparison of spectral efficiency (%) for different interference scenarios and signal

rocessing methods

Interference Scenario Scenario Description Without Adaptation | KLT | KLT + Volterra
Scenario 0 No interference 100 100 100
Scenario 1 Low-frequency jamming 85 89 93
Scenario 2 Impulsive interference 78 84 89
Scenario 3 Wideband jamming + spoofing 70 77 85
Scenario 4 Combined attack with frequency fluctuations 63 72 80

Thus, the analysis of interference impact demonstrates that conventional signal processing methods
rapidly lose effectiveness as the complexity of interference increases. At the same time, the adaptive
approach based on the combination of orthogonal decomposition and nonlinear modeling enables the
preservation of stable spectral characteristics even under combined interference conditions. The application

© Gariachiy M., Shcherbinin S.



Hayrosuti srcypuan "Komir 1oTepHO-1HTETpOBaHi TEXHOJIOTI: OCBiTa, HayKa, BApoOHULTBO" 373
Jhywk, 2026. Bunyck Ne 64

of this method significantly reduces sensitivity to structurally correlated and spectrally non-stationary
interference, as confirmed by simulations across multiple scenarios. This highlights the potential of the
proposed algorithm for application in information systems operating within dynamically unstable radio-
frequency environments.

Conclusions and prospects for further research.

This paper proposes a hybrid method for stochastic signal formation that combines the Karhunen—
Loéve Transform with nonlinear Volterra modeling. The proposed approach performs nonlinear processing
in the principal-component domain, providing statistical decorrelation, energy concentration, and improved
matching between the nonlinear model and the signal structure.

Numerical simulations demonstrate that the method improves the spectral characteristics of
structured stochastic signals. Compared with conventional processing, the proposed algorithm reduces the
effective spectral bandwidth by approximately 10%, decreases spectral entropy and normalized spectral
redundancy by about 11%, and increases spectral efficiency by approximately 11%, while preserving nearly
90% of the signal energy within the first ten principal components. For broadband noise-like signals,
however, nonlinear processing without preliminary statistical decorrelation may reduce spectral efficiency.

The study also establishes the practical limitations of the proposed approach. Its performance
depends on the statistical properties of the processed signal, the selected number of principal components,
and the tuning of the Volterra model parameters. Consequently, adaptive parameter selection is required
for reliable operation under dynamically changing interference conditions.

Overall, the obtained results confirm that combining orthogonal statistical decomposition with
nonlinear modeling is an effective approach for controlled stochastic signal synthesis with improved
spectral efficiency and reduced computational complexity, making it suitable for communication, control,
and radar systems operating under limited radio-frequency resources.
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