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Abstract: Sparse recovery space—time adaptive processing (STAP) has an off-grid feature
and high computational complexity. To address these shortcomings, this study proposes a
self-calibrating STAP algorithm based on sparse Bayesian learning (SBL). The proposed
algorithm constructs a dimensionality reduction dictionary by selecting the steering vectors
corresponding to atoms with high power values. Then, a small-scale auxiliary dictionary
is constructed with a stepwise search approach to calibrate the uniformly discretized
dictionary. In this way, the atoms of the auxiliary dictionary can converge to the clutter
ridge adaptively when off-grid occurs. The clutter plus noise covariance matrix is estimated
via SBL combined with the updated dictionary. The experimental results demonstrate that
the proposed algorithm can effectively suppress the clutter ridge expansion caused by the
off-grid problem while reducing the computation burden significantly compared with the
existing methods.

Keywords: space-time adaptive processing; sparse recovery; moving target detection;
sparse Bayesian learning; dictionary correction

1. Introduction

The identification of terrestrial and aerial targets that are moving has represented a
fundamental task for airborne warning radar systems in the past. However, environmen-
tal interference from surface reflections, particularly ground or sea clutter, significantly
degrades detection performance. Currently, the space-time adaptive processing (STAP)
method denotes a valuable solution for suppressing clutter [1-4]. Effective implementation
of STAP techniques fundamentally depends on accurate calculation of the clutter plus noise
covariance matrix (CCM). However, achieving an accurate CCM estimation depends upon
numerous training snapshots that adhere to the independent and identically distributed
(IID) conditions. Nonetheless, an adequate number of such training snapshots cannot be
obtained in non-homogeneous environments, which consequently impairs the accuracy
of CCM estimation and can cause a notable degradation in the performance of traditional
STAP methods.

To address the above-mentioned problems, recent studies have proposed many rele-
vant methods that can decrease the requirements for IID training samples needed for the
STAP method. Some of these methods include reduced-dimension methods, reduced-rank
methods, direct data domain methods, and knowledge-aided methods [5-8]. The reduced
dimension methods also require a large number of IID snapshots, but this requirement re-
mains hardly achievable in practice, particularly for systems with high degrees of freedom.
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The rank-reduction methods have the advantage of reduced computational complexity, but
the clutter rank cannot be accurately selected, which can severely affect the performance.
The direct data domain methods can achieve a satisfactory clutter suppression effect using
only data obtained from the cell under test, but their performance might degrade due to
the aperture loss [9,10]. The knowledge-aided methods use prior information acquired by
airborne radar to improve interference mitigation capabilities [11,12], but their performance
is highly sensitive to the accuracy of the prior information. Namely, if there is a discrep-
ancy between prior knowledge and actual data, the achievement of these approaches can
significantly degrade. Therefore, solving the problem of the STAP method’s performance
being constrained by the number of training snapshots requires further research.

The integration of sparse representation concepts into STAP architectures has driven
methodological innovations. Using the sparsity of clutter, these approaches can accomplish
accurate CCM estimation under the condition of a limited number of training snapshots.
However, the sparse recovery of signals is based on the Iy norm, which is a nondetermin-
istic polynomial (NP) hard problem and cannot be solved using conventional methods.
Therefore, it is necessary to develop an equivalent solution method. Researchers have
recently proposed many greedy methods, including the orthogonal matching pursuit,
which is simple and has high computational efficiency [13,14]. While sparse recovery tech-
niques demonstrate theoretical promise, their practical implementation faces limitations
in consistently achieving universal optimality, potentially compromising reconstruction
fidelity. An alternative approach to sparse recovery is to substitute the Iy norm with the
I1 norm [15,16]. This substitution introduces unintended bias through the disproportionate
weighting of active coefficients, ultimately degrading the covariance matrix estimation
precision via excessive regularization effects. Furthermore, recent studies have applied
the sparse Bayesian learning (SBL) methods to the SR-STAP algorithms. These meth-
ods allow for dynamic updating of parameter estimation using prior knowledge and
data, thus reducing reliance on the hyperparameter while achieving good clutter sup-
pression performance [17]. Reference [18] introduced the STAP method based on SBL,
which employs a generalized dual Pareto prior distribution to enhance the sparsity of the
coefficient matrix in the SBL model, thus improving the effectiveness of sparse recovery.
An SBL-based STAP method [19], which combines SBL with off-grid self-calibration, was
proposed to obtain a more accurate CCM under the conditions of insufficient snapshots and
unknown parameters.

SR-STAP implementations necessitate quantizing the continuous space-time plane
into discrete grids, and then an overcomplete dictionary matrix is constructed for the sparse
reconstruction of snapshots [20,21]. The accomplishment of most SR-STAP methods relies
on the level of discretization of the space-time plane. Although increased grid density
improves theoretical reconstruction accuracy, this increases its computational burden, and
adjacent dictionary atoms exhibit heightened correlation levels, which compromises the
accuracy of sparse recovery [22]. In addition, the algorithms mentioned above assume that
the clutter is completely allocated on the predefined space-time plane grids, whereas in
real scenarios, the clutter does not perfectly align with the discretized grid points, which
inevitably results in the degradation of the accuracy of sparse recovery and spectral leakage;
this occasion is called the off-grid effect. In recent years, researchers have proposed several
solutions to solve the aforementioned problems. For example, a low complexity off-grid
STAP algorithm based on local search clutter subspace estimation (RD-LSCSE-STAP) [23],
which searches for local optimal atoms based on global atoms and can avoid the impact of
the off-grid effect, was proposed; however, this algorithm has a high computational cost.
Reference [24] introduced a spare Bayesian learning-based robust STAP algorithm, which
constructs an error signal model using the Kronecker structure of a space-time steering
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vector. By combining Bayesian inference and the expectation-maximization (EM) algorithm,
this algorithm can iteratively estimate the angle-Doppler image and error parameters; this
can enhance interference suppression efficacy and detection reliability in the phenomenon
of array amplitude-phase errors and grid mismatch. However, significant arithmetic com-
plexity and constrained temporal responsiveness hinder practical deployment feasibility. In
addition, scholars in various fields have studied the integration of Bayesian inference with
EM algorithms. For example, reference [25] proposed a channel estimation method based
on the combination of Bayesian inference and EM algorithms. This method achieves effi-
cient data estimation by sharing sparsity priors while maintaining adaptability to different
system configurations and high computational efficiency.

To deal with the above-presented problem, this study offers a dimensionality reduction
dictionary self-calibration STAP algorithm based on SBL. First, the proposed algorithm
reduces dictionary dimensionality by selecting the steering vectors corresponding to atoms
with high power values, thereby improving computational efficiency. Then, the optimal
Doppler and spatial frequencies are searched in each of the time-domain and space-domain
channels to obtain the steering vector corresponding to the atom with the highest power,
mitigating the off-grid effect by updating the auxiliary dictionary. Finally, a hierarchical
prior model is developed for complex signals, and an updated dictionary is integrated
with the sparse Bayesian learning algorithm and used to update the required parameters
iteratively. Furthermore, the hyperparameters are employed to estimate the clutter plus
noise covariance. Simulation analyses demonstrate that the proposed algorithm can effec-
tively overcome the off-grid effect while maintaining superior accuracy in clutter spectral
estimation. Moreover, the proposed algorithm can effectively improve real-time perfor-
mance compared with the existing methods while having a smaller computing burden.
The overall process is shown in Figure 1.
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Figure 1. Distribution diagram.

This research is systematically structured across five components: Section 2 establishes
fundamental radar signal modeling principles for aerial surveillance systems. Section 3
presents the method of dictionary dimension reduction and the method of auxiliary dic-
tionary update. A performance evaluation using simulated radar data occupies Section 4,
with comprehensive conclusions and research outlook detailed in the closing section.
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2. Signal Modeling
2.1. STAP Signal Model

An airborne side-looking uniform linear array (ULA) radar system was used as a
research object in this study. The considered ULA was composed of N elements, and the
spacing between two elements, d, was set to half of the ULA’s operational wavelength. The
geometry of the airborne radar platform used in this study is presented in Figure 2. The
radar system operates by transmitting M pulses at a constant pulse repetition frequency
(PRF) f; the height of the radar platform is denoted by H; the azimuth and elevation angles
of the ground reflection point are denoted by 0 and ¢, respectively; and the velocity of the
carrier platform is V.

‘A

-
"

~1@ —-

P

Figure 2. Illustration of the geometric configuration of an airborne radar system.

The radar-observed range cell was uniformly divided into N, patches, and the effect
of range ambiguity was neglected. Consequently, the radar echo signal model is defined

as follows:
X =c+mn

N

= kgl ’7c,k77<fd,krfs,k) +n (1)
A

= k; Hex(0i(fax) @vs(fsx)) +n,

where ¢ and n are the clutter and Gaussian white noise, respectively; 1. x and v(f; x, fsx)
denote the complex amplitude and space-time steering vectors of the kth clutter patch,
respectively; v;(f; ) and vs(fs ;) are the temporal and spatial steering vectors, respectively,
and they are expressed as follows:

o (fag) = [1,€2 ik, . ., @M f T
vs(for) = [1,67 sk, .., eiZTF(N-l)fs,k]T

()

where f;; and f; \ represent the normalized Doppler frequency and the normalized spatial
frequency of the kth clutter patch, respectively, which are defined by

fak = 2vqcos ¢ cos 0,/ (Afr)

3
fax = dcos @, cos by, /A 3)

Assuming that the clutter and noise components are uncorrelated, a clutter plus noise
covariance matrix (CCM) can be defined by

R = E[xx"] =R. +R,, 4)
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where E[] is the expectation operator and (-)! is the conjugate transpose; R. and Ry, are the

clutter covariance matrix and noise covariance matrix, respectively, and they are defined by

20(fager fs )0 (fapor for)s

Nc
R, = E[xcxcH} = kEl ‘Wc,k

R, = E[nn"] = 21y,

)

where ¢? is the noise power, and Iy is the identity matrix with a size of MN x MN.

In practical scenarios, it is difficult to obtain the ideal CCM directly. Typically, adjacent
samples of the cell under test are used as training snapshots, and the CCM is estimated
using the maximum likelihood estimation method as follows:

L
R= Exlx}—l/ (6)
=1

=

where L is the number of training snapshots.
The accuracy of CCM estimation is defined by the number of training snapshots, and
according to the Reed-Mallett—Brennan criterion [26], the number of training snapshots

should exceed twice the number of degrees of freedom of a system.
Under the criterion of maximizing the signal-to-interference-plus-noise ratio (SINR), an
optimal STAP weight vector w can be obtained by solving the subsequent optimization problem:
{ min wHRw, %

st wo(fag, for) = 1.

By solving the above optimal problem, the optimal weight vector of the STAP filter

can be obtained by
1

_ R o(fu fik)
H(fap, for) R 0(fap fox)

where v(f;, fs k) is the space-time steering vector of a target.

(®)

2.2. SR-STAP Theory and Off-Grid Problem

Based on the current research findings, the combination of sparse recovery techniques
with the STAP approach can fully exploit the sparsity characteristics of clutter, enabling
high-precision estimation of CCM while using a restricted set of training snapshots.

The model of a radar echo signal in the sparse recovery framework can be defined by

x=VA+mn, )

where V. = [v(fs1,fs1),---,9(fan,, fsN,)] denotes the dictionary matrix with a size of
MN x NsNy; Ns = psN is the number of points in the spatial domain; N; = p;M is the
number of points in the temporal domain; ps and p; indicate the resolutions in the spatial
and Doppler domains, respectively; the space-time steering vectors associated with each

point are termed atoms; A € Ckx1

represents the space—time coefficients matrix and its
rows’ elements are either jointly negligible or non-zero; and n € CMN*1 s the noise matrix.

Based on the theory of sparse recovery, A can be obtained by solving the following

{ min|[]o (10

optimization problem:

st]x—VA|3 <e,

where | || |y denotes the [y norm, | |- | | indicates the [, norm, and ¢ is the fitting error threshold.
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For a side-looking ULA, the spatial and temporal frequencies of each clutter patch are
coupled. When the antenna array is a side-looking array, the normalized spatial frequency
fs and normalized Doppler frequency f; of a clutter scattering unit at any distance are
directly proportional [27], that is: f; = ALf}: cost, fs = %COS . It can be deduced that
fa = Bfs, where B = 2v,,/df,. Therefore, it can be seen that the slope of the clutter ridge
in the angle-Doppler plane is a constant. Existing SR-STAP methods typically presume
that the true clutter ridge aligns with the grid points of a discretized angle-Doppler plane.
Accordingly, the clutter can be fully positioned on the grid points only when the ratio of
fs to f7 is an integer multiple of the slope of the clutter ridges in the angle-Doppler plane.
However, in practical applications, a dictionary cannot be constructed to guarantee that
the real clutter points are located on the grid points because accurate knowledge about the
slopes of clutter ridges is not available.

To provide a more intuitive representation, this study illustrates the clutter distribution
on a discretized angle-Doppler plane under the conditions of both with and without off-
grid, as shown in Figure 3. The clutter distribution in the absence of grid mismatch is
illustrated in Figure 3a, where the slope of the clutter ridge corresponds to the ratio of f; to
f4, and the grid points are perfectly aligned along the clutter ridge. The clutter distribution
with grid mismatch is depicted in Figure 3b, where more clutter points fall outside the
grid points, yielding a wider clutter ridge and lower accuracy of clutter power estimation,
which affects the CCM estimation accuracy. Although the impact of the off-grid effect can
be alleviated to a certain extent by reducing the grid spacing, this can cause problems of
strong coherence among dictionary atoms and increased computational load. Therefore, an
effective method is urgently needed to address the grid mismatch problem.

1 1 7
/

/s /s
(a) (b)

Figure 3. Distribution of the discretized space-time plane clutter: (a) clutter distribution without
off-grid; (b) clutter distribution with off-grid.

3. Improved Algorithm
3.1. Dimensionality Reduction

A sparse recovery method based on Bayesian learning can achieve feature selection
and model sparsification by constructing appropriate prior distributions. The advantage
of this type of method is that the model that needs to be constructed depends only on a
few key parameters, and various signal models can be determined using different prior
distributions. However, the calculation of posterior probabilities involves complex mathe-
matical operations, and the parameter update process requires multiple iterations, both of
which can increase computational complexity. Therefore, dictionary dimensionality should
be reduced to decrease computational complexity. Considering that clutter is sparse in the
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angle-Doppler plane, which means that the clutter power spectrum on most discretized
grid points is approximately zero, the grid points can be eliminated by removing the steer-
ing vectors corresponding to atoms with lower power values than the average, thereby
enhancing the computational efficiency of the algorithm.

The algorithm initially employs the received snapshots denoted by X = [x1,xp, ..., %]
to estimate a clutter covariance matrix Ry = XX /L. Then, the power value of each clutter

point is estimated using Ry and the steering vectors as P(fx, fsi) =

1
O(fajerfsi) R 0 (fajerfsi)
Ns Ng
Y X P(fsifar)

Afterward, the estimated power values are aggregated and averaged: P = ":”‘=1N57Nd,

and the resultant value is defined as a threshold for dictionary atom selection. Ultimately,
the power values associated with each atom are subjected to thresholding, and all grid
points exceeding the threshold are retained. The retained grid points are then used to
construct a reduced-dimension dictionary ¥.

3.2. Auxiliary Dictionary Correction Methods

On the angle-Doppler plane, the SR-STAP method involves the construction of a
uniformly discrete dictionary, where each discrete grid represents a clutter point. However,
if the spatial and Doppler frequencies of an actual clutter point do not coincide with the
uniformly discrete grid points, energy leakage can occur in the neighboring grids. This
leakage can further reduce the accuracy of sparse recovery of a clutter.

To solve the off-grid problem, this study adds N auxiliary atoms to the original discrete
dictionary and constructs an auxiliary dictionary matrix with dimensions of MN x N;. In
cases where some clutter points deviate from the grid, the atoms in the auxiliary dictionary
are capable of adaptively converging to the clutter ridge. Within the angle-Doppler plane,
clutter points in a particular direction exhibit sparse distribution across the normalized
Doppler and spatial frequencies. Consequently, the Doppler and spatial frequencies are
consistently located at the positions of the atoms with the maximum power. Therefore, a
search-based method is employed to update the Doppler and spatial frequencies iteratively.

The specific steps are as follows:

Step 1: The Doppler frequencies are updated. First, it is assumed that each atom
has an invariant spatial frequency f,, and a variable Doppler frequency f;’k. The actual
Doppler frequency J%d,k is constrained in a local region Ey, where &y € [fix — Af, fax + Af]
and Af = 1/ N, represents the quantization interval of the normalized Doppler frequency.
The interval is divided E into P equal parts, which results in a set of Doppler frequencies

— 1P
denoted by { f 5 r } - ; then, the optimal solution can be obtained by
~ H 1 2
ook Far) (Re) X[
= .
)

(Rx) "o (o fax)

;‘Vd,k = arg max (11)

fd,kE {f;k}gzl v(fs,kr fi:l,k

Step 2: The spatial frequencies are optimized based on the corrected Doppler frequency.
First, it is assumed that each atom has a fixed Doppler frequency }Vd/i and a variable spatial
frequency ]?s,k~ Similar to the method for updating the Doppler frequencies, the actual
spatial frequency ]A?s,l- is constrained in a local domain Q;, where Q; € [f;; — Af', fo; + Af'],
where Af" = 1/N; represents the quantization interval of the normalized spatial frequency.
Next, interval Q); is divided into O equal parts, resulting in a set of spatial frequencies

~ 0
denoted by { d l.} X The optimal solution is obtained by
23 .



Electronics 2025, 14, 2350 8 of 18

~ o~ H 2
v(fs,irfd,i) R;1X

75’1- = arg max — — 3 (12)
]?s,i6 {ﬁi}UO:1 v(fs,i/fd,i) R;l’v(fs,i/fd,i)

The two search processes are illustrated in Figure 4, where the atoms obtained by
fixing the spatial domain channel and searching for the Doppler frequencies are represented
by black square patterns. Next, the Doppler frequency corresponding to the position of the
black square is fixed, and the spatial frequency is searched. In Figure 4, the actual location
of the clutter power is indicated by a black circle.

Normalized Doppler frequency

Normalized Spatial frequency

Figure 4. Schematic of the auxiliary dictionary update.

Step 3: The auxiliary dictionary is updated via the revised Doppler and spatial
frequencies. Moreover, iterative calibration of the Doppler and spatial frequencies ensures
that the atoms in the discrete dictionary are accurately aligned with the clutter distribution
range, yielding an improved estimation accuracy of CCM.

3.3. Sparse Bayesian Learning

In the context of the sparse recovery problem, /1 regularization techniques have been
frequently employed in recent research to solve Equation (10). Nevertheless, an SR-STAP
filter exhibits a heightened sensitivity to the regularization parameter and noise error
tolerance. Generally, the effectiveness of this approach depends on the parameter selection;
therefore, under non-ideal conditions, its performance can substantially deteriorate because
of parameter blindness.

Using a combination of Bayesian learning methods with sparse priors can facilitate
the avoidance of problems associated with regularization parameters when addressing
the optimal problem in Equation (10). This approach ensures the robustness of sparse
spectra estimation in unknown environments. However, despite the superior clutter
suppression capabilities of the existing SBL methods, the previously employed models
cannot significantly enhance sparsity. Therefore, a larger number of iterations are required
for parameter updating, and the substantial computational burden decreases the application
of these methods in actual practice. Considering all the mentioned aspects and aiming
to enhance the effect of the SBL-STAP method, this study proposes an innovative SBL
algorithm that uses the generalized double Pareto (GDP) prior to clutter estimation [28].
Studies have shown that the sparsity of the solution obtained by sparse Bayesian learning
is proportional to the shape of the prior probability density function [28-30]. As illustrated
in Figure 5, the shape of the generalized double Pareto prior distribution is sharper than
that of the commonly used Laplace and Gaussian priors. Therefore, the GDP prior is more
capable of enhancing the sparsity of the solution.
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Figure 5. Distribution of different prior probability density functions.

In comparison to the standard Gaussian-gamma setting, applying gamma priors to
B enables dynamic adaptation to signals of different sparsity levels while mitigating the
excessive penalty associated with large coefficients and maintaining small coefficients close
to zero. However, compared with higher-level generalized hyperbolic priors [31], the latter
introduces more latent variables and hyperparameters for optimization, making them
more flexible but also more complex. Although the prior distribution of GDP discussed in
this article is slightly less flexible than the above algorithms, it can balance efficiency and
accuracy, making it more suitable for the application scenarios discussed.

First, it is assumed that elements «; (I =1, 2, ..., L) of matrix A follow independent
complex Gaussian distribution, which is expressed by

L L
p(Aly) = Iplaly) =] [CN(a]0,T). (13)
=1 1=1

The variances of different rows in matrix A are denoted by y = [y1,72,.. ., ’yQ]T and
I = diag (7).

Next, each hyperparameter <y, in 7 is assumed to follow a Gamma distribution with a
parameter f,;, which is defined by

Q
p(v1B) = T19(14:3/2,B5/4), (14)
q=1

where B = [B1, B2, - - - ,‘BQ}T, G(x;a,b) =T Y a)b"x" e, and T'(a) = [;° x" e *dx.
At the same time, a hyperparameter B, in  obeys a Gamma distribution with a
parameter i1, which is expressed by

Q
p(B)=T19(Bg;hh) (15)

g=1

where h is a positive constant which is very small.
The marginal distribution of &; can be obtained through integration processes which
are about 7 and S as follows:

—o

plaalt) = T1 5™ J3 plasg|v)p(va|Bo)p(Be) dvadBy

g=1
Q1 (h+1)/h (16)
- ql;[1 o (h+1)+1"

™ (Jwrg|/n 1)

Furthermore, it is assumed that the joint probability density function of observed noise
n is expressed as follows:
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L
p(nlos) = HCN(”‘I‘OMNM/U%IMN)- (17)
=1

After establishing the Bayesian hierarchical prior model, the parameters that need
to be solved estimated using the Type II estimation method, which is represented as
Li(y) = arg max [ p(Y|X, B)p(X|v)p(v)dX [29,32,33]. Owing to the addition of new

v

hyperparameters in the SBL framework in this study, the cost function of the Type II
estimation method is formed as follows:

£H('y,,B,(T ) = arg max /p (X4, 0' A"y 'y‘ﬁ JdA. (18)

7.8 ran

The EM algorithm is employed to maximize Equation (18).
In the E-step, the expectation of the log-likelihood function is obtained by

Q1. B,0%) = Eyan,parno{In(p(X|4,02)p(4]v)p(+] )P (B) ], (19)

where E,|-] is the expectation with respect to p; p(Aly, B,03,X) H CN (a)|p1, X)),

p = TOH(Z,) %, & = T —TOH(L,) '@T, and &, = 2Ly + <1>rc1>H The irrelevant
terms of ¢ and B are omitted in Equation (19); then, the likelihood function of ¢ and B can
be derived as follows:

Q1. B) = Epajy posx) 0 p(Al)p(71B)p(B)}

Q 2
x Zl{Lln'yq'y;l(Zlel‘yl,q‘ + L) +1In /77 +In B — qu/4+(h1)1nﬁqhﬁq},
q=

(20)

where ¥, ; is the (g, q) element of a matrix ¥, and p ; is the gth element of y;.

During the M-step, the parameters y; and B, are updated by maximizing the like-
lihood function defined by Equation (20). First, the partial derivatives of the likelihood
function with respect to parameters 7, are calculated and equal to zero, yielding the
following expression:

2
L
9Q(7, B) L Lo ‘Vl/q L0 1 B
- . L Dy (21)
97q Yq 75 2y 4

However, the convergence speed for the update of Yq will be slow because of solving
Equation (21) directly. According to the existing research results [30], fixed-point updates
can accelerate the convergence rate. However, because of the specific GDP prior to the SBL
framework, this part defines a new fixed-point update rule. To this end, this study defines
W, =-1+ %’4 and substitutes it into Equation (21), obtaining the result by

L
19 = (Bg) 2(1 +2qu+2$ (1/2+ LW,)? ;‘M’ . 22)

Similarly, setting %Xq’ﬁ) = 0 leads to the update rule of B;, which is expressed
as follows:

By = (\/h?*+2v4(h+2) —h) /. (23)
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Next, the updating formula of noise power o2 is derived. First, a likelihood function
Q(c?) of a parameter 02 is solved with respect to the joint posterior distribution of the
sparse coefficients, which can be expressed by

Qo) = Ep(Ah/,'B,U%,X){ln p(X|A, ‘7%1)}
= Ext en(ulpom) {0 T CN (| @, 2 Tan) | (24)

L
= lgl ECN(:X;W;,Z) {h‘l CN(X[ |<I)/ U%IMN) }

Setting a%fj) = 0 provides the updated equation of 02, which is expressed as follows:
2 < 2 H
op = () llx — ®pl; + Lir((@)" ®X))/MNL. (25)
=1

3.4. STAP Filter Weight Calculation
After estimating the CCM, the weight of an adaptive filter can be computed by

w = R_lv(fd,t/fs,t>
Hp-1 :
v(fd,t/fs,t) R v(fd,trfs,t)

The main calculation equations and steps of the proposed RD-SBL-STAP algorithm
are presented in Algorithm 1.

(26)

Algorithm 1 Proposed RD-SBL-STAP algorithm.

Initialization:

DO = Onppeny, E = Inw, B0 = 1051, (02) 0 = 1,9 =
2

1L (foir far)'x g=12

Lizfo(foi, fag) o (foio far)

Dictionary descent definition:

Ns Ng
_ i);lkglp(fs’i'fd’k) w, — {v(fs,i/fd,k)r P(fs,i/fd,k)
=2 w, =

>
NeN,
d pass, P(fsir fax) <

=l

P
_, Y =[w,wy,..]
P

Auxiliary dictionary update:
fork=1:N;
B = [fak — A, fax + Af]

~ H. 1.2
}de = argmax Hz’(lffkd;dl,k) RXlXH}
T e dmyr CUsda) Relolondud)
z dkT 1
end
fori=1:N;

Qi = [fsi — Af, fsi + Af'] )

~ a~ H 1
o(fsirfai) Re'X ,

~

Foi= argmax 0t
fi€ {1750,1'}5):1 v(fsifa;) Re v(fsifa;)
0 = v(fs,i'fd,z’)

end
D= [vl,vz,...,st}, b = [Y,D]
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Algorithm 1 Cont.

Repeat the following iterations until the condition given in the last line is met:
Update the data covariance matrix by Z : Z,((kﬂ) = (U%)(k)IMN + oWk (@k)
Update the mean of the posterior distribution of sparse coefficients

w by p = 1) @@ Ny =10, L

Update the covariance matrix of the posterior distribution of sparse coefficients X by
(e+1) — p) _ p) (0N (2D @k P

Update the hyperparameters -y, by

H

) 2 2L 2
D — (B T (1 2w +2\/ (1/2+ IWD)" + (81) L ﬂz(,l;+1)( ), where

(k+1)
Wik — g 4 T
%f

Update the hyperparameters B, by [3 (k+1) (\/h2 + 2%(/‘“) (h+2)— h)/fygkﬂ)
Update the noise power o2 by

L
e A T
=1
. . . .. (zTZ)kJrl (o )
Iteration termination condition: % <¢
Oy

4. Analysis of Simulation Results

In this study, the effect of the proposed RD-SBL-STAP algorithm was verified by
simulation tests. At the same time, the new algorithm was also compared with the SR-STAP
algorithm [34], the RSBL-STAP algorithm [24], and the SBL-STAP algorithm [35]. For all
algorithms, the number of training snapshots was set to 20, and the grid resolution was
set to iy = 6 and ps = 6. The iteration-stopping threshold was set to 10~12. The relevant
simulation parameters are provided in Table 1.

Table 1. T Radar system parameters and their values.

Parameter Value
Antenna array type Uniform linear array for side-looking
Number of array elements 10
Number of pulses sent in one CPI 10
Array element spacing (m) 0.15
Wavelength (m) 0.3
Aircraft speed (m/s) 240
Aircraft altitude (m) 3000
Pulse repetition frequency (Hz) 4000

4.1. Clutter Power Spectrum Analysis

The initial analysis focused on the estimation results of the clutter power spectrum
without off-grid across four STAP algorithms which are SR-STAP, SBL-STAP, RSBL-STAP,
and RD-SBL-STAP, as illustrated in Figure 6. As shown in Figure 6a, the clutter spectrum
generated by the SR-STAP algorithm was entirely concentrated on the clutter ridge. How-
ever, the clutter energy which is estimated was relatively low, and this was unfavorable
for subsequent clutter suppression. In addition, as displayed in Figure 6b, because of the
off-grid effect, the SBL-STAP algorithm showed a severe broadening of the clutter spectrum,
and low-speed targets might be annihilated by the broadened clutter. Furthermore, as
depicted in Figure 6c, the clutter power spectrum generated by the RSBL-STAP algorithm
was concentrated on the clutter ridge, but significant broadening was still present. The
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results in Figure 6d indicate that the RD-SBL-STAP algorithm achieves precise spectral
energy concentration along theoretical clutter contours. Compared with the SBL-STAP and
RSBL-STAP algorithms, the phenomenon concerning the broadening of the clutter ridge of
the proposed RD-SBL-STAP algorithm was significantly reduced, and the clutter power
spectrum value was much higher, which was beneficial for subsequent clutter suppression.

Normalized Spatial frequency
& 4 44 = = 2 B
=) =] o (=) SO
A B oS o f b ok oL b
n & h S m o
Normalized Spatial frequency
s & & & s o o

08 06 04 02 0 02 04 06 08 0.6 -04 02 0 02 04 0.6
Normalized Doppler frequency Normalized Doppler frequency
(a) (b)
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—0.9 —45
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Normalized Doppler frequency Normalized Doppler frequency
(c) (d)

Figure 6. Clutter power spectra estimation results without off-grid: (a) clutter power spectrum
obtained using SR-STAP algorithm; (b) clutter power spectrum obtained using SBL-STAP algorithm;
(c) clutter power spectrum obtained using RSBL-STAP algorithm; (d) clutter power spectrum obtained
using RD-SBL-STAP algorithm.

The second analysis focused on the estimation results of the clutter power spectrum
on the occasion of off-grid across the STAP algorithms, which are SR-STAP, SBL-STAP,
RSBL-STAP, and RD-SBL-STAP, as illustrated in Figure 7. Compared with the experimen-
tal results shown in Figure 6, the clutter power spectra of the SR-STAP and SBL-STAP
algorithms, as shown in Figure 7, demonstrate significant broadening. The RSBL-STAP
algorithm has undergone grid correction, and compared with the experiment without grid
mismatch, its clutter ridge broadening has improved slightly. The RD-SBL-STAP clutter
power spectrum shows slight broadening, with almost no significant difference compared
to the result without off-grid. Therefore, the proposed algorithm is robust and insensitive to
grid mismatch.



Electronics 2025, 14, 2350

14 of 18

0 0
08
- -
- 06
5 -10 g -10
2 04 b
£ g -15
: 02 s &
N E -20
k| -20 Z
& 0 = -25
g - o
£ = LT 30
] E
=30 .
E’“- E 0.4 35
-0, -35 od -
45
-0 —0 0.8
06 04 02 0 02 04 06 06 04 02 0 02 04 06
Normalized Doppler frequency Normalized Doppler frequency
(a) (b)
0 0
-5 -
E -10
B 10 g
g E g -15
g 15 é: 0.4
g -20 £ o2 =20
= 25 3 25
Z E
& . &’ 30
-]
k| 35 _E -0 s
E . 2
£ £ —40
ZQ —45 S
4 45
-50 -

—0.
0.

06 04 02 0 02 04 06 -06 04 02 0 02 04 06
Normalized Doppler frequency Normalized Doppler frequency

(0) (d)
Figure 7. Clutter power spectra estimation results within off-grid: (a) clutter power spectrum obtained
using SR-STAP algorithm; (b) clutter power spectrum obtained using SBL-STAP algorithm; (c) clutter

power spectrum obtained using RSBL-STAP algorithm; (d) clutter power spectrum obtained using
RD-SBL-STAP algorithm.

4.2. Output Signal-To-Noise Ratio Loss Analysis

The second experiment compared the performance of the SR-STAP, SBL-STAP, RSBL-
STAP, and proposed RD-SBL-STAP algorithms by analyzing the output signal-to-clutter-
plus-noise-ratio loss (SCNRloss), as displayed in Figure 8. The comparison consequences
showed that the SR-STAP algorithm had a narrow notch but with a shallow depth. The
SBL-STAP algorithm demonstrated a deeper notch, but the notch width was broad. The
RSBL-STAP algorithm outperformed both the SBL-STAP and RD-SBL-STAP algorithms in
the main lobe clutter region; however, its output SCNRloss value in the sidelobe clutter
region was slightly inferior to that of the new algorithm. The proposed RD-SBL-STAP
algorithm achieved a narrow notch with a significant depth, which indicated its superior

clutter suppression performance.

SCNRIoss/dB
|
S

|
2

—60

-1 08 06 04 02 0 02 04 06 08 il
Normalized Doppler frequency

Figure 8. Signal-to-clutter-plus-noise ratio loss results of different algorithms.
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4.3. Target Detection Performance Analysis

The third experiment focused on evaluating moving target detection capabilities across
four algorithms: SR-STAP, SBL-STAP, RSBL-STAP, and the proposed RD-SBL-STAP frame-
work. In this experiment, each algorithm processed 100-range-cell snapshots with the
targets located at cell 151, as depicted in Figure 9, where each technique could successfully
detect the location of the target. However, the residual clutter output power of the pro-
posed RD-SBL-STAP algorithm was significantly lower than that of the other algorithms.
Consequently, the fidelity of moving target detection was demonstrated to be superior to
the three comparison algorithms.

or T T T H— T T ™ T |
SR-STAP

—#— RD-SBL-STAP
-5 —&— SBL-STAP

RSBL-STAP |

Output power/dB

5 . . N . .
100 110 120 130 140 150 160 170 180 190 200
Range Gate

Figure 9. Output power results of the four algorithms.

4.4. Computational Complexity Analysis

This section analyzes the computational complexity of the SR-STAP, SBL-STAP, RSBL-
STAP, and RD-SBL-STAP algorithms. The average computational complexity results for
a single snapshot are shown in Table 2, where | = MN, Js = N;N;, Q = N5(N; +1) =
I; + N, and Imax[-] denotes the number of complex multiplications necessary for a single
iteration in the worst case. By substituting specific values into the data table, it can be
calculated that the SR-STAP algorithm requires 54,809,600 multiplications per iteration,
the SBL-STAP-OS algorithm requires 74,312,121 multiplications per iteration, the RSBL-
STAP algorithm requires 700,649,200 multiplications per iteration and the RD-SBL-STAP
algorithm requires 1,133,060 multiplications per iteration.

Table 2. Comparison results of average complexity of single samples.

Algorithm Complex Multiplier
SR-STAP (22 +5]+4)]+
SBL-STAP-OS (312 +4JQ+2JL+Q*+4)Q+ (2J>+ ]+ L] +1)NsP
RSBL-STAP Imax{J?(5Q + LON 4+ 2]) + (2Q + 2QL + Q> + LN?)] + (L + Q)Q} + 2NsP(J* +])
RD-SBL-STAP Imax{ (3> +5]Q +2JL +2Q*+7)Q} + 2(2J* + ] 4+ L] + 1)NsP

The RSBL-STAP algorithm required the diagonalization of each steering vector in
the dictionary due to the introduction of the amplitude-phase error mismatch vectors,
which significantly increased the dimensionality of the dictionary. Although dimension-
ality reduction was performed subsequently, the process of solving the grid mismatch
parameters through multiple iterations still consumed substantial computational time. The
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SBL-STAP algorithm, which employed the GDP prior with the aim to accelerate the fitting
speed and improve the results, achieved experimental results with fewer iterations than
the other algorithms. However, the high-dimensional dictionary matrix still contributed to
the increase in computational time. In contrast to the SBL-STAP algorithm, the proposed
RD-SBL-STAP algorithm incorporated a dictionary dimensionality-reduction component.
Therefore, at the same number of iterations, the proposed algorithm required a lower dictio-
nary dimensionality than the SBL-STAP algorithm, which resulted in faster computational
speed. Furthermore, unlike the RSBL-STAP algorithm, the proposed method eliminated
the need for steering vector diagonalization and did not require multiple iterations for
updating the grid mismatch parameters. Consequently, among all the studied algorithmes,
the proposed RD-SBL-STAP algorithm exhibited the lowest computational complexity.

5. Conclusions

This study has proposed a self-calibrating STAP algorithm for dictionary dimensional-
ity reduction based on SBL. First, the dimensionality of the dictionary matrix is reduced
by selecting the steering vectors corresponding to the atoms with power values higher
than the average value. Then, the optimal Doppler and spatial frequencies are searched
in each Doppler- and space-domain channel to obtain the steering vectors correspond-
ing to the atoms on the clutter ridge to update the auxiliary dictionaries. Finally, the
updated dictionary is used to combine with the SBL algorithm to obtain the required
parameters iteratively, and the exact CCM and STAP weight vectors are calculated using
the solved parameters. Finally, the empirical validation through numerical simulations
confirmed that the developed methodology substantially enhances computational effi-
ciency while improving the operational effectiveness of space-time adaptive processing
under non-ideal grid alignment conditions. However, this paper only considers the off-grid
phenomenon and does not analyze the mismatch phenomenon caused by the array element
radiation phase error. Therefore, further research is needed in the optimization of the
algorithm model.
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