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ANALYSIS OF THE EFFECTIVENESS OF ALGORITHMS FOR ESTIMATING
PARAMETERS OF AUTOREGRESSIVE MODELS IN THE PROBLEM OF SIGNAL
DETECTION IN INTERFERENCE CONDITIONS

Introduction

In contemporary radar systems, the challenge of
detecting signals amidst complex interference
remains pertinent. Systems designed for moving
target detection (MTD) frequently face various forms
of interference that impair their effectiveness. These
disturbances may include both Gaussian and non-
Gaussian types, such as those following Laplace or K
distributions, common in dynamic environments or
scenarios involving electronic warfare (EW)
measures. In such conditions, traditional signal
processing methods may prove to be ineffective,
requiring the development of more sophisticated
approaches to signal detection [1]. Thus, the use of
adaptive detection algorithms capable of adjusting
their parameters according to the characteristics of the
interference is of particular interest [2, 3, 4].

Accordingly, one of the important stages of the
synthesis of such algorithms is the mathematical
modeling of obstacles. One of the effective modeling
strategies is the use of autoregressive (AR) models,
which are widely used to represent random processes
and allow the determination of the statistical structure
of interferences [5, 6, 7].

It is worth noting that the use of these models
largely depends on the accuracy of their parameter
estimation, which directly affects the quality of
interference compensation.

Analysis of recent research and publications

A sufficient number of efficient algorithms are
synthesized to estimate the parameters of
autoregressive models used in various fields of
science, including signal processing, econometrics,
meteorology, and medical research [8, 9].

For example, the work [10, 11] examines classical

parameter estimation methods, such as the Yule-
Walker method, widely used in spectral signal
analysis. This method provides stable estimates for
steady-state processes but has certain limitations in
the presence of non-stationary disturbances.

The work [12] extended this concept by using
adaptive algorithms, such as Recursive Least Squares
(RLS), which ensure constant updating of AR model
parameters. These algorithms can be useful for
applications in systems with a dynamic interference
environment, as they can adjust estimates in the face
of changing interference statistics. Another approach
to parameter estimation in complex conditions is
presented in the paper [13], where a noise-resistant
method for estimating the parameters of AR models
in the frequency domain is proposed, which is based
on the expectation—maximization (EM) algorithm.

All studies emphasize the importance of accurate
estimation of the parameters of autoregressive models
to ensure effective background interference compen-
sation. Although there is a considerable amount of
work that examines different approaches to estima-
ting the parameters of AR models, the key focus of
this research is to analyze existing algorithms for
estimating the parameters of AR models such as the
Yule-Walker equation, the Levinson-Durbin algo-
rithm, the maximum likelihood method (MLE), and
an algorithm such as Recursive Least Squares (RLS)
which are traditional and quite widespread.

The purpose of the article

This work aims to compare the effectiveness of
algorithms for estimating the parameters of
autoregressive (AR) models in the context of signal
detection under interference conditions for enhancing
detection performance in practical applications.
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Theoretical background

Autoregressive (AR) models have found wide use
in time series analysis and signal processing because
they can serve as a convenient tool for understanding
and forecasting data. The main idea of AR models is
their ability to represent a signal as a linear
combination of its past values, i.e. in such a way that
the current value of the signal is a sum of its previous
values with a given random generating process,
which in turn allows for the effective mathematical
representation of various types of interference.

Mathematically, the AR model of order p can be
described by the following equation (1):

—yP
Xi = Zj:l aj xi_]- + €l (1)
where x; — signal counts at the current time i, a; —

are the autoregressive coefficients, g; — generating
random process.

It is worth noting that on the basis of model (1),
the structure of the notch filter is formed, which in the
general detection system is designed to compensate
for interference. Since in real detection systems, we
cannot have a priori information about the statistical
distribution of interference, the filter parameters must
be estimated.

Thus, this feature can be used in adaptive filtering,
which is the basis of adaptive detection algorithms,
according to which the parameters of the generation
process are estimated, which allows you to adjust the
filter parameters taking into account changes in the
statistical characteristics of the input signal for further
compensation for interference.

Algorithms for estimating parameters
of autoregressive models

The estimation of the parameters of the autoreg-
ressive process is an integral part of the structure of
the adaptive detection algorithm, since in the work of
AR models serve as a mathematical basis for the
formalization of interference. The estimation proce-
dure consists in determining the parameters
(coefficients) of the AR(p) model, which describes
the dependence of the current value of the process on
the previous ones, and allows you to evaluate changes
in the characteristics of the interference.

The Yule-Walker method is one of the most
common approaches to estimating the parameters of
autoregressive processes AR(p), which is formed by
estimating the autocorrelation function [6]. This
method is based on using the Yule-Walker system of
equations, which allows estimating the coefficients of
the autoregressive model by solving a system of
linear equations obtained from the autocorrelation
properties of a stationary process (2):
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value.

The resulting system of equations (2) can be
solved using known methods for solving SLAR, for
example, the matrix method or the Gaussian method,
obtaining estimates of the coefficients a4, ..., a,,. For
the 2nd-order autoregressive model AR (2), which is
widely used for modeling complex interference
situations, the system (2) will have the form (3):

[rxx[o Tox[—1] [ ] [rxx[l]
Tox[1]  7Txx[0] — Txx[z] (3)
R E

Using the matrix method, the solution to the
system can be written as A = R™E.

The matrix of autocorrelation coefficients (2),
under the condition of stationary of the random
process, is Toeplitz, that is, one where each diagonal
element remains unchanged along the entire diagonal.

This feature allows for the effective use of the
Levinson-Durbin recursive method, which is an
iterative algorithm used to solve systems of Yule-
Walker equations when estimating the coefficients of
the autoregressive model AR(p).

In the general case, the Levinson-Durbin algo-
rithm can be formalized as follows. In the first step,
the initial conditions are set, namely the value of the
AR (1) model parameter and the initial value of the
error in determining the parameters €, and &; (4).

el 1
g0 = Tnx[0]; a4 :: {O} = Ky
& = (rxx[o] - Irxx[l]lz)/rxx[o]' (4)

where a; is the AR(1) parameter, k; is the reflection
coefficient.

At each iteration step (p), which corresponds to the
order of the model, taking into account (4), a recur-
sive calculation of the parameters of the AR(p) model
is performed. At each stage, the reflection coefficients
k, are determined, which characterize the degree of
interaction between the current value of the process
and its previous values. The calculated coefficients
k,, are used to update the previous values of the model
parameters a; at the current calculation step (p) and
calculate the current value of the parameter a,, at the

step (p) (5).
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Another method for estimating the parameters of
an autoregressive (AR) process, particularly suitable
for nonstationary environments, is the Recursive
Least Squares (RLS) algorithm.

The goal is to recursively estimate a minimizing
the weighted prediction error. The RLS algorithm,
adapted for this task, operates as follows (6):

_ Pn—lxn—l .
A+ xTy 1 PoaXn_q’
— T .

en = Xp — A n-1¥n-15

[Pn—l - dnxTn—lpn—l]; (6)
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1
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an = ap_1 +dpep,

where a,, — is the estimate of AR parameters; B, —
is the inverse correlation matrix; A€ [0,1] —is the
forgetting factor (selected based on the expected
stationary of the signal: values close to 1 (A = 0.99)
are used for nearly stationary processes, while smaller
values (A = 0.95) enable faster adaptation to time-
varying dynamics); d,, — is the gain vector; e,, —is the
a priori prediction error.

However, under conditions where the assumptions
of stationary of random processes or sufficient sample
size may not be met, one of the methods that is
expediently used in such cases is the maximum
likelihood method [15].

The general principle of MLM is to find such
values of model parameters for which the observed
data are most likely. In the general case, finding
estimates of unknown parameters of a random
process when applying MLM is based on maximizing
the likelihood function, which, under the condition of
a fixed sample implementation, is described by the
multivariate density distribution of the process (7):

L(xl, ...,xn|91, ey 91) =
H?:l f(‘xll ---:xnlelp ey el) (7)

In order to obtain the maximum of function (7),
partial derivatives are calculated with respect to
unknown parameters and set equal to zero, as a result
of which a system of equations is formed for finding
parameter estimates (8).

AL(Xq1, .., X104, ..., 0}) —0
96,
: (8)
laL(xl, ey X001, -, 0)) —0
a6,

It is worth noting that, provided that the inter-
ference is described by a Gaussian probability
distribution, the parameter estimates obtained by the
maximum likelihood method will coincide with the
estimates obtained by the least squares method (LSM).

Unlike Gaussian processes, where the MML and
least squares estimates coincide, in the case of non-
Gaussian distributions, the likelihood function is
formed based on a more complex structure of the
interference clutter distribution, which complicates
the application of standard estimation methods. In the
case of non-Gaussian interference, such as a process
with a Laplace or K-distribution, the likelihood
function may have a nonlinear form, so maximizing
this function requires adapting the IMF or using more
specialized numerical methods, such as the Newton-
Raphson method or variations of gradient algorithms.

Computer simulation

Analysis of the effectiveness of algorithms for
estimating autoregressive parameters is an important
stage of the study since the use of effective algorithms
ensures an increase in the accuracy of estimating the
parameters of autoregressive models, thereby
ensuring high-quality rejection of noise components.

Within the framework of computer modeling, the
study is divided into two stages: at the first stage, the
effectiveness of algorithms for estimating the
parameters of the autoregressive clutter model is
analyzed, taking into account fundamental statistical
indicators, in particular, the mathematical expectation
and the standard deviation; at the second, using the
synthesized structure of the adaptive detector, the
influence of the obtained estimates on the detection
characteristics.

Math. expectation of a parameter a1
2

value of math. expectation

I I I I I
o 200 400 600 800 1000 1200
sample number

Math. expectation of a parameter a2

value of math. expectation

0 200 400 600 800 1000 1200

sample number

Fig. 1. Mathematical expectation of the estimates of the
parameters of the Gaussian autoregressive noise
model al and a2 (true values a = [1.95; -0.99])
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STD of a parameter a1
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Fig. 2. Standard deviation of the estimates of the
parameters of the Gaussian autoregressive noise
model al and a2 (true values a = [1.95; -0.99])

The simulation results shown in Fig. 1 and Fig. 2
demonstrate that the estimates of the parameters of
the autoregressive process obtained using the
estimation algorithms based on the maximum
likelihood method, which in the case of the Gaussian
autoregressive model, the noise can be implemented
by the least squares method (LSM) and the recurrent
least squares method, compared to the traditional
Yule-Walker and Levinson-Durbin methods, are
closer to the true ones.

The estimates obtained using the LSM (blue
lines), under the specified conditions, are reasonable
and asymptotically unbiased, in turn, the estimates
obtained using the RLS (pink lines) also demonstrate
similar results, however, the values of the LSM begin
to increase with increasing sample size, which may be
due to the numerical instability of the covariance
matrix update, high correlation of the input data, lack
of regularization or an excessively large value of the
forgetting coefficient.

Unlike the Yule-Walker and Levinson-Durbin
methods (red and green lines), which demonstrate
reduced accuracy on small samples, the LMS and
RLS methods provide better convergence of
estimates even with a limited amount of data N = [16;
32; 64; 128], which is especially important for
practical systems operating in real-time. It is also
worth noting that the obtained parameter estimates
affect the signal detection efficiency.

This is confirmed by the analysis of the detection
characteristics shown in Fig. 3.40, which demonst-
rates the dependence of the probability of correct
detection on the accuracy of the parameter estimation
algorithms.

Fig. 3illustrates the detection characteristics of the
adaptive algorithm [16] for detecting a harmonic
signal against the background of a Gaussian autoreg-
ressive interference model when using different
parameter estimation methods.

© I. Prokopenko, A. Dmytruk, K. Prokopenko, 2025

Detection characteristics D(b). F=0.01; a=[1.95; -0.99]:N=[32; 64; 128]; f=11

probability

SIR [d8]

Fig. 3. Detection characteristics of the adaptive harmonic
signal detection algorithm against the background of

a Gaussian autoregressive interference model when

using different parameter estimation methods (LMS,

Yule-Walker equation (YW), Levinson-Durbin method
(LD), RLS) and sample size N = [32; 64; 128]

The obtained detection characteristics (Fig. 3)
demonstrate that with an increase in the sample size,
the detection efficiency when using the specified
estimation algorithms begins to converge, however,
at practically significant volumes N = [32, 64, 128],
the accuracy of estimates using the LSM and RLS
algorithms is significantly higher than when using the
classical Yule-Walker and Levinson-Durbin estim-
ation algorithms.

The gain in detection efficiency (threshold signal
at D = 0.9) is significant and reaches up to 15 dB
atN=32,andupto3dBatN=128.

It is worth noting that at a sample size of N = 32,
the detection characteristic where estimates using the
RLS algorithm are used demonstrates better results,
but with an increase in the sample size, the results are
better demonstrated by estimates using the LSM
algorithm.

Math. expectation of a parameter a1

value of math. expectation

I I I I I
0 200 400 600 800 1000 1200
sample number

Math. expectation of a parameter a2

lue of math. exp

400 600 800 1000 1200

Fig. 4. Mathematical expectation of the estimates
of the parameters of the Gaussian autoregressive noise
model al and a2 (true values a = [1.3; -0.65])
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Fig. 5. Standard deviation of the estimates of the
parameters of the Gaussian autoregressive noise
model al and a2 (true values a = [1.3; -0.65])

It is also worth noting that the spectral composi-
tion of the interference also significantly affects the
quality of estimates obtained using different algo-
rithms (Fig. 4, Fig. 5).

This is manifested in the conditions of broadband
low-frequency interference. In such cases, the use of
an estimation algorithm based on the maximum
likelihood method (MLM) does not demonstrate a
fundamental advantage over classical algorithms such
as the Yule-Walker and Levinson-Durbin methods.

This effect remains stable even if the signal
spectrum is located near the maximum of the
interference spectrum. Under these conditions, the
detection characteristics for all considered estimation
algorithms become almost identical (Fig. 6).

Detection characteristics D(b). F=0.01; a=[1.3; -0.65]:N=(32; 64; 128]; =11

Detection probability

Fig. 6. Detection characteristics of the adaptive harmonic
signal detection algorithm against the background
of a broadband low-frequency Gaussian autoregressive
interference clutter model when using different
parameter estimation methods

acteristics D(b). F=0.01; a=[195; -0.99]:N=[32; 64; 128]: f=11

Fig. 7. Detection characteristics of the adaptive harmonic
signal detection algorithm on the background Gaussian
autoregressive interference model when impulse
interference occurs, p = 0.01

At the same time, the impact of the appearance of
impulse interference also manifests itself differently
on the estimation algorithms under the influence of
different bands of the main interference, so under the
influence of narrow-band powerful interference, an
increase in the probability of the appearance of an
impulse leads to a deterioration in the detection
characteristics of the algorithm, at the same time, the
impact of the used parameter estimation algorithms
will be correlated with the results presented in Fig. 3,
i.e., the algorithms LMS and RLS will be more
resistant to the appearance of impulse interference
than LD and YW.

The gain in detection efficiency (threshold signal
at D = 0.9) is significant and reaches up to 6 dB at
N =32,and up to 3dB at N = 128.

Considering the problem of synthesizing an
algorithm for estimating the parameters of a non-
Gaussian autoregressive interference model, it is
necessary to emphasize the importance of ensuring
the robustness of the obtained estimates. Robustness
allows for maintaining high accuracy and stability of
estimates even under conditions of significant
deviations of the statistical properties of interference
from the Gaussian model.

The analysis of the results of modeling aimed at
assessing the effectiveness of the use of such algo-
rithms confirms the feasibility of their application
under conditions of non-Gaussian interference.

In particular, the modeling results demonstrated
that the algorithm developed based on the LMS
method maintains a low level of bias and stability of
the variance of estimates (Fig. 8, Fig. 9), even under
difficult conditions of narrow-band powerful
interference and the presence of the influence of
impulse components.
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Math. expectation of a parameter a1
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Fig. 8. Mathematical expectation of the estimates of the
parameters of the nonGaussian (Laplace) autoregressive
noise model al and a2 (true values a = [1.9; -0.95])

STD of a parameter a1

value of std

value of std

0 200 400 600 800 1000 1200

Fig. 9. Standard deviation of the estimates of the
parameters of the nonGaussian (Laplace) autoregressive
noise model al and a2 (true values a = [1.9; -0.95]).

It is also worth noting that in the presence of non-
Gaussian noise, the influence of parameter estimates
may manifest itself differently. Since the proposed
estimation algorithm is based on the maximum
likelihood method, it allows taking into account the
statistical characteristics of the interference, which, in
turn, ensures the robustness of the obtained estimates.
At the same time, estimates obtained using the
recursive least squares method also demonstrate
resistance to the action of such noise.

The obtained detection characteristics (Fig. 10,
Fig. 11) also demonstrate that with increasing sample
size, the detection efficiency when using the specified
estimation algorithms improves. However, at
practically significant volumes N = [32, 64, 128], the
accuracy of estimates by the OLS and RLS
algorithms will be better than when using the classical
Yule-Walker and Levinson-Durbin estimation algorithms.
The gain in detection efficiency (threshold signal at D
=0.9) is significant and reaches up to 5 dB.
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Detection characteristics D(b). F=0.01; a=[1.9; -0.95]:N=[32; 64; 128]
LSM and RLS algorithms

N=32; LSM
1 e N=64;LSM

—O— N=128LSM

N=32;RLS

JRE— )

Detection probability

SIR [dB]

Fig. 10. Detection characteristics of the adaptive
detection algorithm against the background
of a nonGaussian autoregressive interference model,
parameter estimation methods (LMS, RLS),
N =[32; 64; 128]

Detection characteristics D(b). F=0.01; a=[1.9; -0.95];N=[32; 64; 128]

YW and LD algorithms
12

N=32; YW
N=32; YW
1L o— Ne128 YW
N=32,LD
N=64; LD

N=128; LD

Detection probability

SIR [dB]

Fig. 11. Detection characteristics of the adaptive
detection algorithm against the background
of a nonGaussian autoregressive interference model,
parameter estimation methods (Yule-Walker equation
(YW), Levinson-Durbin method (LD)), N = [32; 64; 128]

Conclusions

The article studies the effectiveness of autoregres-
sive model parameter estimation algorithms in the
context of improving the quality of adaptive signal
detection in an interference environment. The
relevance of this problem is due to the need to
increase the probability of correct detection in a non-
stationary statistical environment, typical for the
operation of modern radio-electronic systems. In this
context, the paper provides a comparative analysis of
several parameter estimation algorithms: the Yule-
Walker, Levinson—-Durbin methods, the maximum
likelihood method, which corresponds to the least
squares method (LSM), and the recursive least
squares method (RLS).



HaykoemHi TexHonorii Ne 1(65), 2025

83

The results of computer modeling confirm that the
use of parameter estimation methods, such as the least
squares method (LSM) and the recursive least squares
method (RLS), allows you to obtain estimates that are
on average closer to the true values compared to the
classical Yule-Walker and Levinson-Durbin methods.
In particular, the estimates obtained by the Least
Squares method demonstrate better convergence and
asymptotic unbiasedness (Fig. 1, Fig. 2).

It is demonstrated that the accuracy of estimating
the parameters of the autoregressive model signifi-
cantly affects the characteristics of the adaptive
detector since errors in the estimates can lead to a
deterioration in the selective properties of the filter
and a decrease in the probability of detection. Thus,
the problems of estimating the parameters of the AR
model cannot be considered separately from the
detection problem and must be integrated into the
general system of adaptive signal processing.

The computer modeling performed allowed us to
compare the practical effectiveness of classical and
modern approaches to estimating AR parameters, in
particular the Yule-Walker, Levinson-Durbin, least
squares (LS) methods, and recursive LMS (RLS).

The gain in detection efficiency (threshold signal
at D = 0.9) is significant and reaches up to 15 dB at
N =32, and up to 3 dB at N = 128. It is noted that for
small samples (N = 32) the RLS algorithm demonstrates
better results; however, with an increase in the sample
size, the estimates obtained by the least squares
method turn out to be more accurate and stable. At the
same time, a characteristic feature of the recursive
method was revealed — with an increase in the number
of processed samples, an increase in the mean square
deviation of the estimates is noted, which is probably
due to the accumulation of numerical errors in matrix
calculations, and requires the introduction of regulari-
zation tools or modified versions of the algorithm.

Special attention is paid to the influence of the
spectral composition of the interference on the
behavior of the estimation algorithms. It is demonst-
rated that in a broadband low-frequency interference
environment, the use of LMS and PLS algorithms
does not provide significant advantages over classical
methods. This emphasizes the importance of taking
into account the spectral features of interference when
choosing an algorithm for estimating AR model
parameters in real-time systems.
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Mpoxonenko L. I'., Amutpyk A. 10., [Ipokonenko K. 1.

AHAJII3 EOEKTUBHOCTI AJITOPUTMIB OLHIHIOBAHHS ITAPAMETPIB
ABTOPET'PECIMHUX MOJEJIEU B 3AJIAYI BUSABJIEHHSA CUT'HAJIIB B YMOBAX 3ABA /|

Iiosuwenns moyHocmi UMOGIPHOCTI NPABUNTLHO20 BUAGLEHHA 8 YMO06ax Oii 3a6a0 3aNUWAEMbCA AKINYATLHOIO
3a0auero, 0cooIUB0 6 cepedosuyi i3 OUHAMIYHUMY A HeCIMAYIOHAPHUMU NepeuwKodamy. Y ybomy KOHmeKcmi 3pocmae
inmepec 00 8UKOPUCAHHA AOANMUBHUX ACOPUMMIE BUAGTIEHHS, 30AMHUX 3MIHIO8AMU C80i napamempu 8iono8ioHo 0o
CMAMUCIMUYHUX XAPAKMEPUCIMUK 30640068020 M.

OO0HUM i3 KIIOHOBUX ACNEKMIE CUHMe3y MAKUX ANeOPUMMIE € A0eK8amue MOOeN08an s nepeukoo. Aemopeepeciiini
Mooeni 00360J1A10Mb eQeKMUSHO MOOETI08amu 3a6a0U, UKOPUCIOBYIOUYU 3AEHCHICING MIdC NONepeOHiMU 3HAYEHHAMU
CUSHATIB, WO 8ANCTUBO OJisL ONMUMAILHOI KOMNEHCayil nepeuxoo.

Egexmusnicme nobyoosu makux mooeneii 3HAUHOIO MIpPOIO 3A1edCumb 8i0 MOYHOCMI OYIHKU IX napamempis, ujo
be3nocepedHbO BNIUBAE HA AKICMb AOANMUBHOI KOMNEHCAyil nepeukoo i, 8iON0BIOHO GNIUBAE HA XAPAKMEPUCMUKU
BUABIEHHS 3a2ANlbHO20 aneopummy. Tomy 6 yiti cmammi 00CaiOAHCYIOMbC anzopummu oyinku napamempie AP-mooeneti —
30KpemMa Memoou MAKCUMATbHOI NpagoonodioHocmi, peKkypcueni ma Kiacuyui nioxoou FOna—Boxepa ma
Jlesincona=/lypoina.

Taxodxc ysacy npuodineno OOCHIOHNCEeHHIO 8NAUBY OOPAHO20 ANCOPUMMY OYIMIOBAHHA HA MOYHICMbL ANPOKCUMAyii
CMAMUCMUYHUX XAPaAKMepucmux 3a6a006020 mid, a MAaKoHC HA NOOAIbWY epPeKmUSHICMb A0anmueHo20 BUAGIEHHS
cuenanie. [{nsa ybo2o peanizo6ano 06oemante KoMn 1omepHe MOOeNI0BAHHA: HaA NePUIOMY emani 30ilCHeHO NOPIGHATbHULL
aHaniz mowHocmi oyiHok napamempie AP-mooeni; Ha OpyeoMy — OYIHEHO 6NUE OMPUMAHUX OYIHOK HA UMOGIDHICHI
XapakmepucmuKu a0anmusHo20 GUAGNIEHHS 8 YMOBAX 3a6d0.

KnrouoBi cnoBa: aganTvBHi anropuTMu, aBToperpeciiHa mofenb, OLiHKa napameTpiB, KOMMeHcalis nepeLuko,
BUSIBNEHHS curHanis, obpobka aaHux.

Prokopenko I., Dmytruk A., Prokopenko K.

ANALYSIS OF THE EFFECTIVENESS OF ALGORITHMS FOR ESTIMATING PARAMETERS
OF AUTOREGRESSIVE MODELS IN THE PROBLEM OF SIGNAL DETECTION

IN INTERFERENCE CONDITIONS

Improving the accuracy of the probability of correct detection under interference conditions remains a pressing task,
especially in an environment with dynamic and non-stationary interference. In this context, there is growing interest in
using adaptive detection algorithms that can change their parameters following the statistical characteristics of the
background noise. One of the key aspects of the synthesis of such algorithms is adequate modeling of interference.
Autoregressive models allow for effective modeling of interference using the dependence between the previous values of
signals, which is important for optimal interference compensation.

The effectiveness of building such models largely depends on the accuracy of estimating their parameters, which
directly affects the quality of adaptive interference compensation and, accordingly, the detection characteristics of the
general algorithm. Therefore, this article investigates the algorithms for estimating the parameters of AR models - in
particular, maximum likelihood methods, recursive and classical Yule-Walker, and Levinson-Durbin approaches.

Attention is also paid to studying the impact of the selected estimation algorithm on the accuracy of approximation of
the statistical characteristics of the noise background, as well as on the subsequent effectiveness of adaptive signal
detection. For this purpose, a two-stage computer simulation was implemented: at the first stage, a comparative analysis
of the accuracy of estimates of the parameters of the AR model was carried out; at the second stage, the impact of the
obtained estimates on the probabilistic characteristics of adaptive detection in interference conditions was assessed.

Keywords: adaptive algorithms, autoregressive model, parameter estimation, clutter compensation, clutter, signal
detection, data processing.
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