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ABSTRACT: The antenna array structure represents a pivotal technology for synthetic aperture interferometric radiometers (SAIRs). How-
ever, current array optimizationmetrics often have conflicting relationships among themselves, posing a significant challenge to achieving
a harmonious balance. To tackle this issue, this paper introduces the point spread function (PSF) into the array optimization process and
proposes a PSF-based antenna array optimization method. As a crucial characterization of the SAIR system, PSF can effectively evaluate
the SAIR’s comprehensive imaging performance. The mainlobe-sidelobe comprehensive quality (MSCQ) is innovatively proposed as
a system-level metric to evaluate PSF quality and guide array optimization. The MSCQ consists of two parts: the main lobe width and
side lobe energy ratio. The main lobe width can evaluate the spatial resolution of SAIR, and the side lobe energy ratio can evaluate
the noise performance. In addition, in order to overcome the defect that the traditional optimization algorithm is prone to fall into the
local optimum, this paper adopts the improved velocity-paused particle swarm algorithm (VPPSO) for high-precision optimization. The
experimental results show that the PSF-based optimized array can effectively enhance SAIR’s comprehensive performance and achieve
high-performance imaging.

1. INTRODUCTION

Synthetic aperture interferometric radiometer (SAIR) over-
comes the limitation of antenna physical aperture through

synthetic aperture technology. Distinguished by its high resolu-
tion and robust anti-interference capability, it presents promis-
ing application prospects in fields such as Earth remote sens-
ing and radio astronomy [1–3]. In essence, SAIR measures
the target scene visibility function by performing a complex
cross-correlation operation on the target scene radiation sig-
nals collected by antennas at distinct positions. Subsequently, a
high-precision inversion method is employed to reconstruct the
brightness temperature image of the target scene [4–6]. The an-
tenna array plays a pivotal role in SAIR imaging. Its array struc-
ture determines the sampling distribution of the visibility func-
tion, which in turn directly affects the imaging performance of
SAIR. Specifically, the antenna configuration is closely related
to performance metrics such as spatial resolution, radiation sen-
sitivity, and reliability, all of which collectively determine the
overall imaging capability of SAIR—namely, its comprehen-
sive imaging performance. This comprehensive performance
is typically quantified by the quality of the reconstructed image
(e.g., RMSE), providing a measurable reference for practical
SAIR applications. This also indicates that optimizing the an-
tenna array is a significant and necessary technique to enhance
SAIR’s comprehensive imaging performance.
Currently, there are many studies on optimizing the array

configuration to improve the performance of SAIR. Spatial res-
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olution as a key performance metric of SAIR can be improved
by optimizing array redundancy [7]. By properly arranging an-
tennas, the longest baseline (L) can be increased, thus effec-
tively improving the SAIR’s spatial resolution. The optimized
low redundancy arrays (LRAs) obtained in this way have been a
focal point of research efforts. Ref. [8] first achieved low redun-
dancy linear arrays (LRLAs) with 12–30 array elements using
simulated annealing. Subsequently, Dong et al. [9] and Jiang et
al. [10] enhanced the optimization efficiency and derived more
LRLA configurations by generalizing the model of LRLAs.
Radiation sensitivity is another crucial performance metric of
SAIR that cannot be overlooked. To address SAIR’s radia-
tion sensitivity, Dong et al. [11] proposed the degradation fac-
tor (DF) as an optimization metric. The minimum degradation
arrays (MDAs) obtained by optimizing DF via simulated an-
nealing can effectively improve the SAIR radiation sensitivity.
Later, Zhu et al. [12, 13] proposed two determination methods
for array arrangement based on DF. Additionally, Zhu et al. [14]
explored an array design for SAIR reliability and introduced
uncoverage factor (UCF) as an optimization metric. Zheng et
al. [15] aimed at SAIR alias-free field-of-view optimization and
obtained a large field of view linear array (LFOVLA) by heuris-
tic algorithm and direct search. Notwithstanding these efforts,
the existing optimization metrics and methods primarily con-
centrate on the array level, targeting individual performance
metrics and aiming to enhance these specific metrics through
array optimization. However, optimizing a single metric at the
array level frequently has implications for other metrics. For
example, LRLAs improve SAIR’s spatial resolution by reduc-

1doi:10.2528/PIERB25031203 Published by THE ELECTROMAGNETIC ACADEMY

https://doi.org/10.2528/PIERB25031203


Chen, Ruan, and Chen

ing redundancy but concomitantly lead to a loss of sensitiv-
ity [16]. Sensitivity is of particular significance for SAIR, espe-
cially in low-orbit Earth remote sensing, and thus must be care-
fully accounted for in array optimization [11]. Baseline redun-
dancy, especially a uniformly distributed baseline, is the key
to sensitivity enhancement [17]. Moreover, LRAs are less reli-
able due to their low redundancy [14]. SAIR’s imaging perfor-
mance may degrade significantly in the event of antenna dam-
age. In practice, moderately sparse arrays are often preferred
over LRLA [18, 19]. In summary, SAIR array optimization is a
complex problem that necessitates the comprehensive consid-
eration of multiple factors. Optimizing a single metric alone is
insufficient to achieve the best comprehensive imaging perfor-
mance; instead, a balance must be struck among various per-
formance indicators. Zhu et al. [14] proposed a multi-objective
optimization framework to jointly optimize L, DF, and UCF.
However, the resulting solution is a set of Pareto-optimal ar-
rays, which still requires subjective selection of the best config-
uration. In addition, Zhu et al. [20] introduced the BlockMFRA
method, which structurally optimizes the trade-off between sen-
sitivity and resolution. Nevertheless, this method essentially
remains within the multi-objective optimization paradigm, and
the final configuration still depends on specific task require-
ments. Existing research on array optimization mainly focuses
on optimizing array-level metrics, but the inherent trade-offs
among different indicators make it difficult to satisfy all per-
formance requirements simultaneously. Therefore, an effective
system-level metric is needed to guide the optimization for the
best comprehensive imaging performance of SAIR.
In response, this paper, based on the analysis of PSF as an im-

portant characterization of the SAIR system function, considers
that PSF can accuratelymapmultiple system characteristics and
is a key indicator reflecting the comprehensive system perfor-
mance. Based on this, a novel PSF-based antenna array opti-
mization method is proposed, which can effectively enhance
the system’s comprehensive performance and achieve high-
quality imaging. It innovatively proposes mainlobe-sidelobe
comprehensive quality (MSCQ) as a system-level metric for
evaluating PSF’s comprehensive quality, guiding antenna ar-
ray optimization. MSCQ comprises two components: the main
lobe width and the side lobe energy ratio (ER). Main lobe width
assesses PSF main lobe quality. Linked to the SAIR visibility
function’s uv coverage, it characterizes SAIR spatial resolution;
a narrower width implies higher resolution. ER evaluates PSF
side lobe energy, reflecting noise interference in SAIR imag-
ing. A larger ER means lower side lobe energy and less noise
in the reconstructed image. It also implies higher main lobe
energy and better system radiation sensitivity. MSCQ intro-
duces an adjustment factor α to balance the weights between
main lobe and side lobe metrics, flexibly meeting different op-
timization requirements. In the optimization process, side lobe
energy ratio is taken as the primary optimization target, while
main lobe width is also controlled. Therefore, α is usually set
to a smaller value to enhance the suppression of side lobe en-
ergy. Considering the importance of spatial resolution, for array
structures with relatively small uv coverage, α is appropriately
increased to reduce their impact during optimization, thereby
protecting SAIR’s spatial resolution. Moreover, the optimiza-

tion process employs the new velocity pause particle swarm
optimization (VPPSO) algorithm [21] for high-precision opti-
mization. VPPSO includes a constant-velocity option andmod-
ifies velocity update formulas, balancing exploration and ex-
ploitation to avoid premature convergence common in classical
particle swarm algorithms. It also uses a two-population strat-
egy to maintain particle-population diversity. Simulated exper-
iments show that PSF-based antenna array optimizationmethod
can achieve a good balance among multiple performance met-
rics, such as spatial resolution, radiation sensitivity, and imag-
ing reliability, significantly enhancing SAIR’s comprehensive
performance and imaging quality. Furthermore, the method is
applicable to both one-dimensional and two-dimensional array
structures, compensating for the current lack of sufficient re-
search in two-dimensional array optimization.

2. PSF-BASED ANTENNA ARRAY OPTIMIZATION
METHOD
To enhance the comprehensive performance of SAIR, this paper
presents a novel PSF-based array optimization method. This
method incorporates PSF into the array optimization process.
A comprehensive evaluation metric for PSF is established and
employed as the fitness function, with its values being fed
back to guide the adjustment of array coordinates. The entire
optimization process is executed through the application of a
heuristic algorithm.

2.1. PSF Evaluation Metric

In the field of SAIR imaging, the PSF accurately describes the
SAIR response to point sources. Through further analysis of
SAIR imaging principles, the SAIR imaging process for a real
target essentially constitutes a convolution operation between
the real target image and PSF. As such, PSF can be consid-
ered as a system function of SAIR, playing an irreplaceable
role in the comprehensive evaluation of SAIR’s imaging per-
formance. By conducting a profound analysis of PSF charac-
teristics, one can effectively infer the relevant features of the
final SAIR imaging outcomes. Notably, the evaluation results
of the PSF are determined solely by the inherent characteristics
of SAIR and remain immune to interference from changes in
the original scene, endowing it with remarkable generalizabil-
ity. Given the distinctive advantages of the PSF in SAIR imag-
ing performance evaluation, this paper innovatively incorpo-
rates PSF into antenna array optimization process and proposes
a PSF-based array optimization method.
PSF typically comprises two components: main lobe and

side lobe. Main lobe represents the primary response of the
imaging system to a point source. The width of main lobe re-
flects the diffusion of the system to the point source, which
can be used to characterize the spatial resolution of the SAIR.
The spatial resolution of SAIR, as an extremely critical per-
formance metric, must be taken into account when array opti-
mization is conducted. In general, the narrower the PSF main
lobe width is, the higher the spatial resolution of SAIR is. As
shown in Fig. 1, the pre-optimization array exhibits a relatively
wide main lobe, resulting in low spatial resolution and poor
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(a) (b)

FIGURE 1. Plot of main lobe width versus resolution. (a) Images of the PSF. (b) Double point sources imaging results.

FIGURE 2. Main lobe width of 1D array.

ability to distinguish between two adjacent point sources. In
contrast, the PSF-optimized array demonstrates a significantly
narrower main lobe, thereby improving the spatial resolution
and enabling the system to clearly and accurately resolve the
two adjacent point sources. Therefore, the PSFmain lobe width
and SAIR spatial resolution have a clear correspondence, which
can be used as an effective metric to characterize the spatial res-
olution of SAIR. For a 1D linear array, as depicted in Fig. 2,
main lobe width can be defined as the width from the peak of
the main lobe to the first minima. Mathematically, its expres-
sion is:

bn = xmin+ − xmin− (1)

For 2D arrays, the PSF’s main lobe is the most luminous pla-
nar region at its center. Its geometric configuration exerts a
profound influence on the imaging performance of the SAIR.
When the main lobe exhibits symmetry in a circular form, the
reconstructed image can more accurately replicate the original

shape of the target; conversely, an asymmetric, elliptical main
lobe will lead to corresponding geometric distortion in the re-
constructed image. As shown in Fig. 3, the pre-optimization
array exhibits obvious asymmetry in the main lobe, causing se-
vere geometric distortion in the reconstructed image; however,
after PSF-based optimization, this asymmetry is significantly
reduced, and the geometric distortion in the reconstructed im-
age is correspondingly improved. Therefore, when assessing
the main lobe width of a 2D-array PSF, it is essential to not
only consider the lengths of the main lobe’s major and minor
axes but also comprehensively evaluate the symmetry between
these axes. As illustrated in Fig. 4, the mathematical expression
for this is:

bn =
max(a(n), b(n))
min(a(n), b(n))

× a(n) + b(n)

2
(2)

where a(n) represents the span of the main lobe’s long axis, and
b(n) represents the span of the main lobe’s short axis. The ratio

max(a(n),b(n))
min(a(n),b(n)) serves as a metric for quantifying the symmetry

of the main lobe. The closer this ratio is to 1, the more simi-
lar the lengths of the main lobe’s long and short axes become,
indicating better symmetry of the main lobe. This enhanced
symmetry is more conducive to SAIR’s accurate target shape
reconstruction performance.
On the other hand, PSF side lobe determines the noise in-

terference in the actual SAIR imaging process, which is an
important piece of information to measure the comprehensive
imaging performance of SAIR. Given the essential nature of the
SAIR imaging process, when the energy of the PSF is concen-
trated, and the side lobe energy is low, the final reconstructed
image experiences minimal noise interference and is highly dis-
tinct. Conversely, when PSF energy is dispersed, and side lobe
energy is high, the final reconstructed image is marred by sub-
stantial background noise and appears blurred. As shown in
Fig. 5, compared with pre-optimization PSF, post-optimization
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FIGURE 3. Plot of main lobe shape versus imaging deformation. (a), (b) Images of the PSF. (c)–(e) Original target image and reconstructed image
of the remote sensing. (a) Pre-optimization PSF, (b) Post-optimization PSF, (c) Remote sensing, (d) Pre-optimization RS, and (e) Post-optimization
RS.

FIGURE 4. Main lobe width of 2D array.

PSF exhibits significantly lower side lobe levels, which corre-
spondingly leads to reduced noise interference in the imaging
of real target scenes. Thus, this paper innovatively introduces
a key parameter, PSF side lobe energy ratio (ER). ER serves
mainly to evaluate the state of the PSF side lobe and to quan-
tify the degree of noise interference within the SAIR system’s
imaging process. The definition of ER is illustrated in Fig. 6.
Specifically, the integration region of the main lobe is defined
as the area from the PSF peak to the first minima, while the
side lobe integration region refers to the areas on both sides of
the main lobe where the amplitude gradually decays. ER is de-
fined as the ratio of the PSF’s main lobe energy to its side lobe
energy. Its mathematical expression is:

ER =

∑
mainlobe S(n)∑
othersE(n)

(3)

In this formula, S(n) represents themain lobe energy, andE(n)
represents the side lobe energy. A larger ER value indicates that
the energy of the PSF is more concentrated, with higher main
lobe energy and lower side lobe energy. Correspondingly, the
final reconstructed image will have less background noise and
better image clarity, and the system will have better sensitivity.
Taking into account all the characteristics of the PSF, the

comprehensive performance of the PSF can be evaluated using
mainlobe-sidelobe comprehensive quality (MSCQ) as follows:

MSCQ = |αbn − ER| (4)

where ER is as in Eq. (3), and bn is calculated as in Eq. (1) for
1D array optimization and Eq. (2) for 2D array optimization. α
is the adjustment factor, which can be adjusted according to the
actual optimization demand. In this paper, ER optimization is
the main focus, so the overall setting of α value is smaller. For
arrays with small uv coverage, increasing α appropriately can

reduce its influence in the optimization, thus helping to ensure
SAIR’s spatial resolution.

2.2. SAIR Imaging Principles
SAIR can obtain its PSF by inverse imaging of a single point
source. The fundamental structure of SAIR is a binary inter-
ferometer as shown in Fig. 7. It can obtain the visibility func-
tion by complex correlation operation of radiation signals re-
ceived from antennas at different locations. Subsequently, a
high-precision inversion algorithm can be utilized to invert the
bright temperature image of the target from the visibility func-
tion.
Ideally, the following relationship exists between the mea-

sured visibility function and the bright temperature distribution
of the target scene, which is the basis for the inversion process
proposal [22]:

Vc,l = < Ec(t) · E∗
l (t) >

=

N∑
n=0

T (n)Fc(xn, yn)F
∗
l (xn, yn)e

−iK(Rc
n−Rl

n)dΩ

(5)
where Ec(t) and El(t) are the scene radiation signal received
by antenna c and l; Fc and Fl are the normalized antenna direc-
tion maps; (xn, yn) is the coordinates of the radiation source
at the n-th point; T is the normalized brightness temperature;
dΩ is the steradian angle that the radiating source S opens to
the antenna. The wave range difference obtained by subtracting
the Rc

n and Rl
n is a very critical part, which according to Fig. 7

can be specifically expressed as:

Rc
n =

√
(xn −Xc)2 + (yn − Yc)2 +R2 (6)

Rl
n =

√
(xn −Xl)2 + (yn − Yl)2 +R2 (7)

where X#, Y# are the position coordinates of antenna #. Typ-
ically, a Taylor expansion of the distances Rc

n, Rl
n is required

for variable separation and substituted back into Eq. (5). Then
rewrite Eq. (5) into the following matrix form:

VM×1 = GM×NTN×1 (8)

where V is the vector form of the visibility matrix,G the system
matrix or imaging operation matrix, and T the vector form of
the bright temperature image.

G(m,n) = Fc(xn, yn)F
∗
l (xn, yn)e

iπ(Rl
n−Rc

n)/λ (9)
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(a) (b)

FIGURE 5. Plot of side lobe versus noise interference. (a) Images of the PSF. (b) Real target imaging results.

FIGURE 6. Schematic of ER.

wherem represents them-th spatial sampling point, and n rep-
resents the n-th target point pixel value to be recovered in the
imaging region. After obtaining the expression of theGmatrix,
the image T can be obtained by solving the inverse problem of
Eq. (8) using FISTA [23]. TheG-matrix imagingmethod can be
directly used for arbitrarily shaped arrays, which is suitable for
the use in array optimization. In addition, it inverts the target
image directly from the measured visibility function, avoiding
the introduction of additional errors and thus ensuring higher
inversion imaging accuracy.

2.3. Optimization Algorithm

Particle swarm optimization algorithm (PSO) [24] is a group
intelligence-based optimization algorithm which is easy to im-
plement and has fast convergence speed. It has shown excel-
lent performance in solving various types of optimization prob-
lems, including array optimization problems [10]. However,
PSO still suffers from inherent shortcomings such as slow late-

  
FIGURE 7. Schematic diagram of binary interferometry.

stage convergence and tendency to fall into local optimization.
In addition, array optimization is a high-dimensional optimiza-
tion problem, and PSO tends to suffer performance degrada-
tion when handling such high-dimensional optimization prob-
lems. Therefore, a new velocity pause particle swarm optimiza-
tion (VPPSO) algorithm [21] is selected for array optimiza-
tion to improve the optimization performance, and the specific
flowchart is shown in Fig. 8. It uses a two-population model
to increase particle diversity. On the other hand, it adjusts the
particle position and velocity updating formula to avoid the par-
ticles converging prematurely.
In traditional PSO, particles can only choose to move at

slower or faster speeds in each iteration. In contrast, VPPSO
increases the possibility of the particles to move at the same
speed as the previous iteration, which helps to balance the ex-
ploration and exploitation process and avoids the particles from
converging prematurely. Therefore, the speed is updated as:

Vi(t+ 1) =

{
Vi(t) if rand < β

Vi(t+ 1) Otherwise
(10)

where β is a constant. A random number is used to deter-
mine a portion of the particles to keep their original velocity
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FIGURE 8. VPPSO flowchart.

unchanged, and the remaining particles undergo a velocity up-
date. Also, to further avoid premature convergence, the VPPSO
changes the first term in the traditional PSO velocity update for-
mula. The altered particle velocity update formula is as follows:

Vi(t+ 1) =Vi(t)
r1a(t) + c1r2(Pbest(t)−Xi(t))

+ c2r3(gbest(t)−Xi(t))
(11)

where r1, r2, r3 are random numbers within [0, 1]; Pbest is in-
dividual optimization, gbest is group optimization; c1, c2 are
the individual cognitive coefficient and social cognitive coef-
ficient, respectively, which are usually set as constants. The
expression of a(t) is shown below:

a(t) = exp−
(
bt

T

)b

(12)

where b is a constant, t the current iteration round, and T the
maximum iteration. In order to increase the diversity of par-
ticles, the VPPSO also divides the N particles into two popu-
lations with different particle position updating methods. The
particles in the first population N1 update their positions ac-
cording to the traditional PSO mechanism. The particles in the
second population N2 update the position only based on the
population optimum. Therefore, the position update formula of
the particles is as follows:

i ∈ N1 : Xi(t+ 1) = Xi(t) + Vi(t+ 1) (13)

i ∈ N2 :

Xi(t+ 1) =

{
gbest+ a(t)r4|gbest|a(t) if r5 < 0.5

gbest− a(t)r6|gbest|a(t) Otherwise

(14)

where Vi(t + 1) is updated according to Eq. (10), ans r4, r5,
r6 are random numbers within [0, 1]. When VPPSO is applied
to an array optimization problem, each particle X represents a
set of independent array arrangements. An array arrangement
containing n array elements is represented as an n-dimensional
vector:

X = [x1, x2, · · · , xn] (15)
where xi denotes the coordinate position of the i-th antenna.
In the optimization process, the fitness function is chosen as
Eq. (4).

3. EXPERIMENTS AND RESULTS ANALYSIS
To validate the effectiveness of the PSF-based array optimiza-
tion method, this section conducts 1D and 2D array optimiza-
tion experiments. Its optimized simulation model is shown in
Fig. 9.

FIGURE 9. Optimized simulation model block diagram.

In the experiment, the point source target signals are firstly
acquired by the array elements, and the visibility function is ob-
tained by complex correlation operation of the point source sig-
nals acquired by the array elements. The PSF is then inverted
using the G-matrix based imaging method described in Sub-
section 2.2, and finally, the PSF is evaluated by calculating the
MSCQ, and the results are used to guide the adjustment of the
array structure, thus forming a complete feedback optimization
loop. The whole optimization process is realized by the opti-
mization algorithm of VPPSO introduced in Subsection 2.3.

3.1. 1D Array Optimization Experiments

For the 1D sparse array optimization, a fixed number of anten-
nas (M = 18) is utilized to ensure complete uv coverage. The
population size of VPPSO is set to 50, and the number of it-
eration rounds to 200. Considering the effect of resolution on
the optimization results and SAIR performance, α in Eq. (4) is
adjusted. bn >= 6 is set to α = 0.08, and α = 0.001 for
the rest of the cases. To demonstrate the effectiveness of the
optimization, we compared and evaluated the optimized array
MSCQ-A with commonly used optimized array configurations
filled linear array (FLA), LRLA, and twofold redundancy linear
array (TFRLA) [25] based on numerical metrics and simulated
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FIGURE 10. Array layout diagram.

imaging quality. The array element structures of these arrays
are shown in Fig. 10.
Table 1 summarizes the results of the numerical compar-

isons, which include metrics such as redundancy, DF [11], and
UCF [14].

TABLE 1. 1D array comparison.

ARRAY L R DF UCF MSCQ
FLA 17 9 1.317 0.1 0.267
LRLA 112 1.366 7.049 10.1 0.320
TFRLA 55 2.781 3.476 0.2 0.625
MSCQ-A 44 3.477 3.133 1.2 0.993

As can be seen from the table, MSCQ-A array significantly
outperforms the other arrays in terms of PSF quality. Com-
pared with LRLA, which aims for low redundancy, MSCQ-A,
despite having relatively higher redundancy, demonstrates su-
perior sensitivity and reliability. TFRLA attempts to achieve
low redundancy while maintaining double redundancy, thereby
improving reliability to some extent. However, it still has limi-
tations in sensitivity. FLA, although it possesses certain advan-
tages in sensitivity and reliability, suffers from poor resolution
due to its higher redundancy. Notably, in addition to having
the best PSF quality, MSCQ-A exhibits a more balanced per-
formance across the remaining performance metrics, indicating
a better compromise among different aspects of performance.
To further verify the effectiveness of the optimization, we per-
formed simulated imaging experiments.
In Fig. 11, the PSF, the imaging results of the ideal image,

and the imaging results of a typical real-scene image for each
array are presented in sequence. Here, the blue color repre-
sents the target image, and the red color represents the recon-
structed image. First, Figs. 11(a)–(d) display the PSF of each
array. In the imaging domain, the baseline length is closely cor-
related with the resolution. Generally speaking, the longer the
baseline is, the higher the resolution is. Among this set of ar-
rays, LRLA has the longest baseline, resulting in the narrowest
main lobe width and the best resolution. Conversely, FLA has
the shortest baseline, leading to the widest main lobe width,
the poorest resolution, and a more prominent and larger side

lobe. The difference in baseline lengths between the MSCQ-
A and TFRLA is relatively small. Thus, the widths of their
main lobes are similar; their resolutions are at an intermedi-
ate level; and neither shows a significant side lobe. Notably,
MSCQ-A features a more concentrated main lobe, more com-
plete main lobe shape, and narrower first side-lobe width with
a lower amplitude. Figs. 11(e)–(h) display the imaging results
of an ideal rectangle and a triangle. The imaging results of the
FLA largely preserve the basic shape of the rectangle, but it
exhibits slight undulations at the edges. LRLA has the advan-
tage of high resolution, and yet it introduces excessive noise
when processing smooth, large-scale targets, leading to severe
image distortion. In contrast, MSCQ-A and TFRLA can bet-
ter reproduce the image shape with lower background noise
levels. For a more in-depth comparison, MSCQ-A shows less
fluctuation than TFRLA in the rectangular region and smoother
edges in the triangular region, resulting in superior imaging
results. Figs. 11(i)–(l) present the real target imaging results.
Due to its lower resolution, the FLA loses a significant amount
of image details, and the height and shape of the target wave
peaks are notably diminished. The LRLA restores the wave-
peak energy relatively well, but simultaneously, it introduces
more high-frequency noise, which increases the sharpness of
the wave peaks. The noise on both sides is obvious and affects
the overall imaging quality. The MSCQ-A and TFRLA have
similar resolutions, and they both perform well in restoring the
single targets on the left side. They also have similar capabil-
ities in controlling background noise. However, the MSCQ-A
outperforms in reproducing the shape of the weak-target region
in the middle of the image. In the concentrated high-target re-
gion on the right side, theMSCQ-A can better reproduce the en-
ergy, basically restoring the energy and detailed information of
the original image. In terms of the numerical metric root-mean-
square error (RMSE), the RMSE of theMSCQ-A reconstructed
images has a clear advantage, both for ideal and actual targets.
In conclusion, the characteristics of the imaging results of both
the ideal and actual images are consistent with those reflected
by the PSF. Through quantitative and qualitative evaluations, it
has been confirmed that MSCQ-A can assist SAIR in achiev-
ing better overall performance and higher-performance imag-
ing. This further validates the effectiveness of the PSF-based
array optimization method.
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(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

FIGURE 11. 1D array imaging image. (a)-–(d) Images of the PSF. (e)-–(h) Ideal target imaging results. (i)–-(l) Real target imaging results. (a) FLA
PSF, (b) LRLA PSF, (c) TFRLA PSF, (d) MSCQ-A PSF, (e) FLA RMSE = 0.1067, (f) LRLA RMSE = 0.1487, (g) TFRLA RMSE = 0.1117, (h)
MSCQ-A RMSE = 0.0912, (i) FLA RMSE = 0.1070, (j) LRLA RMSE = 0.0842, (k) TFRLA RMSE = 0.0850, and (l) MSCQ-A RMSE = 0.0791.

3.2. 2D Array Optimization Experiments

To further validate the effectiveness of the PSF-based array op-
timization method, a series of 2D experiments were conducted.
Experiments were conducted for array configurations with a
fixed number of antennas (M = 30). The population size of
VPPSO was set to 50, and the number of iteration rounds was
200. Considering the influence of resolution on the optimiza-
tion results and the performance of SAIR, when bn >= 18 in
Eq. (4), α = 0.001was set, and in other cases, α = 0.015. Sim-
ulated imaging experiments were performed and compared be-
tween the optimized MSCQ-A and commonly used U-shaped,
Y-shaped, and circular arrays.
In Figs. 12(i)–(l), the PSFs of different arrays are presented,

which show a significant correlation with their corresponding
uv coverage. For the U-shaped array, due to the distribution
characteristics of the rectangular sampling method in the spa-
tial frequency domain, the energy diffuses both laterally and
longitudinally around the main lobe. As a result, obvious lat-
eral and longitudinal side lobes are presented in its PSF image.
The Y-shaped array adopts a hexagonal sampling pattern, and
thus the distribution of sampling points has a certain symme-
try. Its PSF exhibits distinct star-shaped side lobes. The circu-
lar array with a circular uv coverage shows circular interference
fringe patterns in its PSF. The layout of MSCQ-A lacks regular-
ity. This leads to less background noise in its PSF, and there is
no obvious regular pattern. The irregular array layout reduces

the periodic interference caused by regular structures, thereby
reducing the background noise level.
In the imaging results of actual objects shown in Fig. 13, the

performance of each array is consistent with its PSF characteris-
tics. In the reconstruction images of the plane scene depicted in
Figs. 13(b)–(e), regular interference noise appears in the back-
ground of the U-shaped array, Y-shaped array, and circular ar-
ray reconstructed images. Among them, the noise interference
of the Y-shaped and circular arrays has a negative impact on
the restoration of the object’s shape, resulting in distortion of
the object. This is because the side lobe characteristics in their
PSFs introduce additional interference during the imaging pro-
cess, destroying the original shape information of the object.
In contrast, MSCQ-A has less background noise and a clearer
contour, demonstrating better image fidelity. Figs. 13(g)–(j) are
the more complex remote sensing (RS) images. Due to the lim-
itations of simulation conditions and the reduction in the num-
ber of array elements used, the imaging quality is affected to
some extent. Even so, the contour of the islands in MSCQ-
A image is still clearer and basically consistent with the orig-
inal image. Moreover, for some faint small islands, MSCQ-A
can also restore them well with less interference from noise,
and it performs excellently in terms of retaining image details.
The advantages of MSCQ-A are reflected in the imaging pro-
cess, effectively reducing the interference of noise on the image
andmore accurately restoring the contour and detailed informa-
tion. Table 2 presents a numerical comparison of the quality of
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FIGURE 12. 2D array arrangement image. (a)–(d) Array layout. (e)–(h) uv coverage. (i)–(l) Images of the PSF. (a) U, (b) Y, (c) Circular, (d)
MSCQ-A, (e) U uv, (f) Y uv, (g) Circular uv, (h) MSCQ-A uv, (i) U PSF, (j) Y PSF, (k) Circular PSF, and (l) MSCQ-A PSF.
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FIGURE 13. 2D scene reconstructed image. (a)–(e) Original target image and reconstructed image of the plane. (f)–(j) Original target image and
reconstructed image of the remote sensing. (a) Plane Scene, (b) U Plane, (c) Y Palne, (d) Circular Plane, (e) MSCQ-A Palne, (f) Remote Sensing,
(g) U RS, (h) Y RS, (i) Circular RS, and (j) MSCQ-A RS.

each image. By calculating the three main indicators, namely
RMSE, peak signal-to-noise ratio (PSNR), and structural simi-
larity index measure (SSIM), it can be seen from the numerical

comparison results that MSCQ-A has the best imaging quality,
which is consistent with the results of the image comparison.
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FIGURE 14. Plot of bn and RMSE versus adjustment factor α. FIGURE 15. Optimization time and PSF imaging time of 1D arrays with
different numbers of antennas.

TABLE 2. Comparison of imaging quality metrics.

Metrics U Y Circular MSCQ-A

Plane
PSNR 14.3504 14.7477 12.4325 15.7313
RMSE 0.0756 0.0707 0.1999 0.0640
SSIM 0.0781 0.0867 0.0752 0.0939

RS
PSNR 9.8559 9.6590 8.7978 11.5478
RMSE 0.0693 0.0722 0.1147 0.0691
SSIM 0.1470 0.1765 0.1107 0.2235

3.3. Comparison of 1D and 2D Array Optimization

Based on the previous experimental analyses of 1D and 2D ar-
ray optimization, it is evident that different sampling geome-
tries produce PSFs with distinct features, resulting in varied
imaging performances. For 1D arrays, the main lobe width
and side lobe amplitude determine resolution and noise interfer-
ence, making these twometrics the focus of optimization analy-
sis. The PSF structure of 2D arrays is more complex and often
includes interference fringes and other regular noise patterns,
which cannot be fully assessed by main lobe and side lobe pa-
rameters alone; therefore, optimization analysis focuses more
on examining the distribution characteristics of these interfer-
ences. Although the structures differ, all experiments consis-
tently indicate that the imaging results closely correspond to the
PSF characteristics. The PSF-based array optimization method
significantly improves the overall imaging quality of the SAIR
system, as confirmed by quantitative metrics such as RMSE,
PSNR, and SSIM, as well as visual results.

3.4. Sensitivity Analysis of Adjustment Factorα

Based on the previous optimization experiment of an 18-
element 1D linear array, α is set to 0.08 when the condition
bn >= 6 is met; otherwise, it is set to 0.001. This strategy
achieved relatively ideal optimization results. However, the
optimization performance still depends, to some extent, on the

specific value of α. Therefore, this paper further investigates
the impact of different α values on the optimization results.
Since the optimizationmainly focuses on ER and secondarily

on bn, α should be kept relatively small to emphasize side lobe
suppression. For arrays with good uv coverage, a small α (e.g.,
0.001) helps improve ER without significantly affecting main
lobe control. However, when uv coverage is insufficient, an
excessively small α may fail to effectively converge the main
lobe width, leading to decreased spatial resolution, increased
RMSE, and a significant decline in overall imaging quality. To
this end, this paper tests α values ranging from 0.001 to 0.2 for
arrays with insufficient uv coverage. As shown in Fig. 14, when
α is too small (less than 0.02), the system exhibits weak regula-
tion of themain lobe width, resulting in poor convergence of the
main lobe, low spatial resolution, and significantly increased
RMSE. As α increases, the system’s optimization weight on
the main lobe grows, the main lobe width gradually narrows;
RMSE significantly decreases; and spatial resolution improves.
Notably, at α = 0.08, the system achieves a good balance be-
tween side lobe suppression and main lobe control, yielding the
best overall imaging performance.
In summary, the experiments validate the effectiveness of us-

ing α = 0.08 in the optimization of the 1D linear array. This
value suppresses side lobe energy while maintaining good con-
trol over the main lobe width, avoiding resolution degradation
and demonstrating superior overall imaging performance.

3.5. Algorithm Time Performance Analysis

This paper presents a statistical analysis of the optimization
time and PSF imaging time for 1D arrays with different num-
bers of antennas. Specifically, incremental tests were con-
ducted for arrays with 10 to 20 antennas, while for arrays with
more than 20 antennas, intermittent sampling was performed
due to time constraints, as shown in Fig. 15. The results in-
dicate that as the number of antennas increases, the PSF com-
putation time grows significantly, reflecting that its complex-
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ity is positively correlated with the number of antennas, which
aligns with theoretical expectations. In contrast, the over-
all runtime of the VPPSO optimization algorithm shows little
change and exhibits some fluctuations, which may be attributed
to the stochastic nature of the algorithm. This phenomenon
demonstrates that VPPSO can rapidly converge to the global
optimum and possesses good scalability and stability, with its
performance hardly affected by the increase in the number of
antennas.

4. CONCLUSIONS
This paper innovatively proposes a PSF-based antenna array
optimization method for SAIR. The method integrates the PSF
into an array optimization process, leveraging the main lobe
and side lobe of the PSF to evaluate system resolution, noise
interference, sensitivity, etc. Based on this, a system-level op-
timization metric, MSCQ, is proposed to assess the compre-
hensive performance of SAIR and guide array optimization.
During the optimization process, VPPSO algorithm is adopted
to achieve precise optimization and improve optimization ef-
ficiency. Experimental verification shows that PSF-based ar-
ray optimization method demonstrates excellent applicability
in both 1D and 2D array optimizations. Compared with tradi-
tional arrays, the optimized MSCQ-A maintains an appropriate
degree of redundancy, sensitivity, and reliability, achieving a
good balance in all aspects of performance. Notably, MSCQ-
A significantly improves the imaging quality of SAIR, endow-
ing SAIR with higher comprehensive performance and high-
performance imaging results, thus validating the effectiveness
and feasibility of the PSF-based method. This study provides
new insights for SAIR array optimization.
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