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ABSTRACT: Conventional methods face prohibitive computational overhead for multi-aspect monostatic scattering analysis of large-scale
finite periodic arrays (LFPAs) due to repetitive preprocessing and full-matrix inversion under wide-angle multiple-incidence scenarios.
To address this challenge, this paper proposes an efficient multi-measurement vector compressive sensing framework combined with
characteristic mode subdomain extraction (MMV-CS-CM-SED). It extracts excitation-independent CM-SED basis functions from a 3×3
coupled subarray, forming a reusable sparse dictionary. Furthermore, we introduce a uniform spatial sampling strategy based on golden-
section low-discrepancy sequences, which drastically reduces matrix filling by extracting only a small portion of impedance matrix rows.
Finally, the method leverages the joint sparsity of multi-angle coefficients through an MMV model to accelerate the solution process.
Numerical results demonstrate that, compared to the accurate subdomain entire-domain (ASED) and method of moments (MoM), the
proposed method achieves high radar cross-section (RCS) accuracy while reducing total matrix filling and computational time by over
70%, validating its efficiency and accuracy for large-scale array electromagnetic analyses.

1. INTRODUCTION

Large-Scale Finite Periodic Arrays (LFPAs) advance stealth
technology, wireless communications, and related fields

with their unique electromagnetic characteristics [1, 2]. In elec-
tromagnetic scattering characterization of radar targets, analy-
sis of monostatic RCS is particularly critical, yet requires con-
tinuous plane-wave sweeping over the full angular spatial do-
main. Conventional full-wave approaches, such as the MoM
[3, 4], lead to severe memory usage and time bottlenecks for
massive unknowns and multiple right-hand-side excitations.
To mitigate this limitation, a variety of macro basis function
(MBF) techniques have been developed, including the syn-
thetic function method (SFM) [5, 6], characteristic basis func-
tion method (CBFM) [7, 8], and accurate subdomain entire-
domain (ASED) basis functions [9–11]. However, for monos-
tatic multi-angle sweeping tasks, external excitations vary dras-
tically, forcing conventional MBF methods to regenerate new
basis sets repeatedly for distinct angular intervals, thus prolong-
ing preprocessing time. Moreover, full assembly and reduced
matrix inversion remain mandatory and prevent breaking com-
putational constraints for large-scale arrays. In recent years,
periodic characteristic mode analysis (PCMA) built on char-
acteristic mode theory has offered a novel pathway to tackle
this challenge [12–14]. Since extracting characteristic modes
(CMs) solely depends on the intrinsic physical topology and
material properties, they are excitation-independent and can be
losslessly reused for arbitrary incidences.
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Meanwhile, compressive sensing (CS) techniques have been
introduced into electromagnetic computation [15–17]. Never-
theless, existing PCMA methods generally neglect the strong
inter-element coupling [18], and conventional CS models suf-
fer from oscillatory artifacts due to ill-constructed sensing ma-
trices. To account for the strong mutual coupling and edge ef-
fects in large-scale arrays, the subdomain-entire-domain (SED)
basis function method is incorporated by constructing a 3 × 3
coupled subarray [19, 20], which provides a physically robust
sparse dictionary for accurately modeling local electromagnetic
interactions., Additionally, to handle multi-angle incidences in
monostatic scenarios, the MMV model exploits the joint spar-
sity of modal coefficients across scanning angles [21, 22].
To address the above drawbacks, this paper proposes an

MMV-CS-CM-SED approach for fast monostatic analysis of
LFPAs. The major contributions of this work are summa-
rized as follows. First, virtual cells construct a 3 × 3 cou-
pled subarray for CM extraction, yielding a globally coupled
yet excitation-independent CM-SED basis dictionary. Second,
different from purely random subsampling schemes in conven-
tional CS, this paper proposes a uniform spatial sampling strat-
egy based on golden-section low-discrepancy sequences. This
strategy enables efficient extraction of global physical infor-
mation at an extremely low sampling ratio and eliminates nu-
merical oscillations. Third, the massive full-array sweeping
problem is transformed into a highly flat MMV overdetermined
equation by exploiting the joint sparsity ofmonostatic sweeping
coefficients. Numerical results demonstrate that the proposed
method achieves high electromagnetic accuracy while break-
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ing memory and runtime bottlenecks inherent to conventional
algorithms.

2. THEORY
In this section, we systematically introduce the theoretical foun-
dation of the proposed MMV-CS-CM-SED method. We be-
gin with the conventional MoM formulation and compressive
sensing principles, then demonstrate the construction of the
excitation-independent CM-SED sparse dictionary, and finally
establish the MMV reconstruction model.

2.1. MoM Formulation
Assume that the LFPAs to be analyzed consist of N periodic
unit cells as illustrated in Fig. 1(a), where each unit cell contains
M0 unknowns. When electromagnetic modeling is performed
via the MoM, the electromagnetic scattering problem over the
surface of the full array can be converted into the following
equation based on the electric field integral equation (EFIE).

ZJ = V (1)

whereZ denotes theNM0×NM0 full-array impedancematrix;
J is the unknown coefficient vector of surface-induced currents
to be solved; andV represents the incident-field excitation vec-
tor. Conventional MoM solves this matrix equation directly,
involving a total ofNM0 unknowns, which becomes computa-
tionally infeasible for largeN . To compress the unknown vari-
ables, we introduce CS theory on the MoM matrix equation.

2.2. Method of the CS Theory
CS theory recovers sparse signals from low-dimensional obser-
vations via a measurement matrix uncorrelated with the sparse
basis. In electromagnetic scattering problems, the induced cur-
rent J is generally non-sparse under Rao-Wilton-Glisson RWG
basis functions. Nevertheless, when SED basis functions or
CBFM are adopted as the sparse transform basis JCM -SED, the
expansion coefficients α of induced currents exhibit favorable
sparsity:

J = JCM -SEDα (2)
where JCM -SED is the global sparse ictionary matrix. Conven-
tional CS-MoM [23] and CS-CBFM [24] extract partial rows
from the full-array impedance matrix Z and excitation vectorV
using random or fixed-step sampling. Substituting these terms
into Eq. (1) yields a compressed measurement equation with
respect to the sparse coefficient α:

ΦZJCM -SEDα = ΦV (3)

which can be expressed as follows:

Θα = Ṽ (4)

where Θ = Z̃JCM -SED is the sensing matrix, and Ṽ is the
reduced-dimensional excitation vector.
In conventional CS, due to high sparse basis dimension and

low sampling ratios, Eq. (4) is severely underdetermined, re-
quiring sophisticated algorithms like orthogonal matching pur-
suit (OMP) or sparse Bayesian learning (SBL) [25]. Neverthe-
less, the CM-SED basis functions proposed in this paper dras-

tically reduce the dimensionality of unknowns from a physical
perspective. Combined with the MMV multi-angle measure-
ment model, within the electromagnetic computation frame-
work constructed herein, the row dimension of the measure-
ment matrix Φ is strictly larger than the column dimension of
the sparse coefficient vector α. Thus, Eq. (4) forms a highly
overdetermined linear system, eliminating the need for iterative
reconstruction. Instead, QR decomposition-based least squares
can be used for direct solving, circumventing numerical oscil-
lations while cutting computational overhead.

2.3. Extraction of the CM and Coupling SED
To construct a physically meaningful sparse basis independent
of external excitations, this work introduces CM theory. The
impedance matrix of a reference unit cell is obtained via the
MoM, and CMs are extracted by formulating the generalized
eigenvalue equation as follows:

XrefJrefi = λiRrefJrefi (5)

where Xref and Rref denote the imaginary and real parts of
the reference unit-cell impedance matrix, and Jrefi stands for
the ith characteristic current corresponding to the eigenvalue
λi. According to CM theory, smaller eigenvalues imply greater
mode contribution to scattering. Modal Significance (MS) is
introduced for mode selection:

MS =
1

|1 + jλi|
(6)

In practical applications, modes withMS > 0.7 are consid-
ered significant [26]. For reciprocal lossless media, character-
istic currents are strictly orthogonal, ensuring the linear inde-
pendence of the sparse dictionary.
Considering the edge effects of finite arrays and strong mu-

tual coupling between elements, extracting CMs merely from
a single reference unit cell will drastically degrade numerical
accuracy. Therefore, drawing on the idea of SED basis func-
tions, this paper constructs a 3 × 3 coupled subarray by intro-
ducing virtual cells as illustrated in Fig. 1(b) for CM extraction,
which yields nine types of CM-SED basis functions, incorpo-
rating globally dominant coupling effects. According to their
physical structure within the subarray, these nine categories are
classified as: the left-upper corner cell (LUCC), upper edge cell
(UEC), right-upper corner cell (RUCC), left edge cell (LeEC),
inner center cell (IC), right edge cell (REC), left-lower cor-
ner cell (LLCC), lower edge cell (LoEC), and right-lower cor-
ner cell (RLCC). Subsequently, in accordance with the spatial
position matching criterion, these nine CM-SED basis func-
tions with distinct local coupling characteristics are precisely
mapped to each unit cell of the full array. Based on these par-
tially mutually independent local basis functions, a strictly di-
agonalized global sparse dictionary matrix for the full array can
be constructed:

JCM -SED = diag(JCM -SED
1 , JCM -SED

2 , . . . , JCM -SED
N ) (7)

Combined with Eq. (2), the surface-induced current Ifull over
the full array can be projected into the characteristic mode do-
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FIGURE 1. Nx ×Ny finite periodic arrays and 3× 3 subarrays.

main as a sparse linear expansion:

Ifull = JCM -SEDα (8)

where α is the global sparse coefficient vector composed of
modal system matrices for each unit.

2.4. Proposed Method
In monostatic electromagnetic scattering calculations, a radar
is required to scan the target over the full angular spatial do-
main. Assume that the monostatic radar scans a total of L dis-
tinct incident angles over the azimuth or elevation plane, and
the incident field corresponding to each angle forms an excita-
tion vector that continuously varies with the observation angle.
In the Single Measurement Vector (SMV) CS model described,
the CS equation in Eq. (4) must be solved independently for
each of these L angles. This not only introduces massive com-
putational time that multiplies with the number of sweeping an-
gles, but is also highly susceptible to local noise interference at
certain specific angles, leading to single-angle reconstruction
failure.
To overcome the above drawbacks, this work fully exploits

the excitation independence of CMs and incorporates an MMV
joint sparsity model into the monostatic scattering computation
framework. During monostatic angular sweeping, although the
amplitude and phase gradient of the external excitation field
vary drastically, the expansion coefficient vectors α of CM-
SED basis functions at different incident angles share an iden-
tical non-zero support set within the CM domain, following
the mode expansion principle of CM theory. It is essential to
further validate the physical foundation of this overdetermined
MMV model. The required sparsity of the coefficient matrix is
inherently established by the CM mode truncation described in
Section 2.3. Since themodes satisfyingMS > 0.7 are retained,
the number of unknowns is drastically compressed. Mean-
while, because CMs are intrinsic eigenfunctions independent
of external excitations, the support consistency across differ-
ent illumination angles is naturally guaranteed. Consequently,
the non-zero support set of the coefficient matrix A remains
strictly identical for all L scanning angles, confirming physical

validity of the MMV joint sparsity model. Based on this physi-
cal property, we column-concatenate the subsampled equations
corresponding to all L incident angles to construct the follow-
ing MMV compressive reconstruction model:

ΘA = Ẽ (9)

where A = [α1, α2, . . . , αL] denotes the global multi-angle
modal coefficient matrix of dimension mN × L; N denotes
the total number of unit cells; and m is the number of high-
efficiency CMs extracted for each unit cell.

Ẽ =
[
Ṽ1, Ṽ2, . . . , ṼL

]
(10)

where Ẽ stands for the joint subsampled excitation matrix of
dimension M × L. It can be observed that the proposed
method extracts the core CMs with the highest radiation ef-
ficiency inside the array from a physical perspective, drasti-
cally compressing the column dimension of the global dictio-
nary matrix to satisfy m ≪ M0, where M0 is the number of
RWG unknowns per unit cell. Low-discrepancy sequences ef-
fectively eliminate clustering effects inherent in pure random
sampling. It evenly distributes the selected observation edge
heights throughout the array structure, ensuring comprehensive
coverage of arbitrary polarized edges. This feature fundamen-
tally avoids matrix pathology caused by spatial aliasing. Ac-
cordingly, even at an extremely low physical spatial sampling
ratio, the row dimensionM of the measurement matrix strictly
satisfiesM ≫ mN . This property inherently makes Eq. (10) a
highly overdetermined matrix equation. To numerically verify
the overdetermined claim, we examine the matrix dimensions
in our numerical implementation. For the 10 × 10 array, each
unit cell has M0 = 240 unknowns. After CM extraction, we
retainm = 6 dominant modes per cell, yielding a global sparse
coefficient matrix of column dimensionNm = 100×6 = 600.
Meanwhile, due to the golden-section sampling strategy, the
measurement matrix extracts onlyM = 3840 rows (16% sam-
pling). Clearly, the row dimension M = 3840 strictly satis-
fies M ≫ Nm = 600. This dimensional inequality confirms
that Eq. (10) is a highly overdetermined system, requiring no

85 www.jpier.org



Ding et al.

TABLE 1. Comparison of computational time for different methods.

Model Methods Filling Impedance(s) Solving Time(s) Total Time(s)

Square array ASED 1323.49 1.59 1325.08

Proposed method 362.62 4.72 367.34

Square ring array ASED 8761.95 26.79 8788.74

Proposed method 2190.49 56.36 2246.85

iterative sparse reconstruction algorithms like OMP or SBL.
In most conventional electromagnetic applications of compres-
sive sensing, standard CS equations generally form underde-
termined systems, which have to be solved via computation-
ally expensive iterative algorithms, such as OMP and sparse
Bayesian learning. In contrast, the proposed method not only
endows the sensing matrix with a favorable condition number,
but also allows Eq. (10) to eliminate spurious numerical oscil-
lations originating from underdetermined reconstruction. For
such an overdetermined system, the QR decomposition-based
least squares method is adopted for direct non-iterative solv-
ing. Mathematically, this approach bypasses the bottlenecks of
large-scale matrix inversion and sparse matching iterations ex-
isting in conventional schemes; meanwhile, matrix operations
enable parallel processing of excitations corresponding to all L
incident angles in a single run, substantially boosting the solv-
ing efficiency for full-angle sweeping. After solving Eq. (10)
to acquire the global multi-angle modal coefficient matrix A,
multiply the CM-SED global sparse dictionary JCM -SED con-
structed in Section 2.3 by the coefficient matrix A to rapidly
recover the true surface induced current matrix Ifull of the full
array under all L incident angles:

Ifull = JCM -SEDA (11)

Finally, the restored induced current can be used to accu-
rately calculate the RCS of each individual station in the array.

3. COMPLEXITY ANALYSIS
In this section, a theoretical complexity comparison among
the conventional MoM, the ASED method, and the proposed
method is conducted from two key perspectives: impedance
matrix filling and equation solving. This analysis highlights
the computational efficiency bottlenecks overcome by our ap-
proach.

3.1. Impedance Matrix Filling and Measurement Matrix Con-
struction Stage
Both MoM and ASED must fully pre-populate the original
full-array impedance matrix Z under the Galerkin testing
scheme, with double-integral evaluation complexity reaching
O((NM0)

2). For large-scale arrays, memory and filling time
scale quadratically with problem size, forming a primary
bottleneck. The proposed method uses a physics-driven
subsampling strategy, computing only the Mrow rows cor-
responding to the measurement matrix Φ. This constructs a

subsampled impedance matrix of dimension Mrow × NM0,
reducing complexity to O(MrowNM0). The extremely low
physical sampling ratio drastically cuts matrix filling. Numer-
ical results show that for the 10 × 10 square array, filling time
drops from 1323.49 s (ASED) to 362.62 s (a 72.6% reduction).
For the larger square ring array (78,600 unknowns), filling
time decreases from 8761.95 s to 2190.49 s, saving over 6500
seconds.

3.2. Stage of Basis Function Generation and Solving
BothASED and the proposedmethod operate on a 3×3 coupled
subarray for basis generation, with single-solution complexity
O((9M0)

3). The key distinction is reusability. ASED must re-
generate basis functions for different angle intervals, multiply-
ing generation time by the number of angles. In contrast, CMs
are geometry-dependent intrinsic eigenfunctions; they are ex-
tracted once and reused for all incident angles, providing mas-
sive savings in wide-angle monostatic scans.
For equation solving, ASED requires inversion of a fully

filled dimension-reduced impedance matrix with complexity
O(N3), followed by back-substitution for each angle. Our
sensing matrix Θ construction exploits the block-diagonal
property of JCM -SED, with complexityO(MrowmN). During
solving, physical dimension reduction ensures m ≪ M0 and
sampling ensures Mrow× ≫ mN . Thus, the MMV equation
is highly overdetermined, allowing QR-decomposition least
squares solving with complexity O(Mrow(mN)2), processing
all L angles simultaneously.
Notably, from Table 1, our method’s solving time (4.72 s) is

slightly higher than ASED (1.59 s) because ASED solves a re-
duced square matrix, whereas our QR decomposition handles
an overdetermined system with row dimensionMrow = 3840.
However, this minor solving time increase is negligible com-
pared to massive savings in matrix filling. For the square array,
we sacrifice 3.13 s in solving to save 960.87 s in filling. For the
square ring array, we trade 29.57 additional solving seconds
for 6571.46 filling seconds. Since matrix filling is the domi-
nant bottleneck for large periodic arrays, our method achieves
total time reductions of 72.3% and 74.4% for the two arrays.
As problem size expands from 24,000 to 78,600 unknowns, the
saving remains stable and slightly improves. This aligns per-
fectly with the complexity analysis, in which our matrix filling
scales linearly with unknowns, whereas conventional methods
scale quadratically. Consequently, the computational advan-
tage of our framework becomes increasingly pronounced as the
array dimension grows.
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FIGURE 2. Geometric configurations of array structures: PEC square array and PEC square ring array.

FIGURE 3. 10× 10 Macroscopic structure and microscopic triangular
mesh segmentation of PEC arrays.

4. NUMERICAL EXAMPLES AND RESULTS
In this section, to verify the efficiency and accuracy of the
proposed MMV-CS-CM-SED method when analyzing electro-
magnetic scattering problems of LFPAs, numerical simulations
are carried out for periodic arrays with different unit-cell ge-
ometric shapes. To objectively evaluate the proposed algo-
rithm, the MoM’s direct solving results are taken as the accu-
racy benchmark for all numerical results, and the traditional
ASED basis function method is introduced as the efficiency
comparison counterpart. The algorithm’s accuracy is quantita-
tively evaluated via the root mean square error (RMSE), whose
calculation formula is expressed as:

RMSE =

√√√√ 1

Nθ

Nθ∑
i=1

|σpro(θi)− σMoM (θi)|2 (12)

where Nθ denotes the total number of angular sampling points
for monostatic scanning; σMoM (θi) and σpro(θi) represent
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FIGURE 4. Amplitude of induced current coefficients on CM-SED ba-
sis functions.

RCS values calculated by the conventional MoM and the pro-
posed algorithm in this paper at the incident angle, respectively.
This metric can intuitively reflect the overall fitting accuracy of
the proposed method against the benchmark solution across the
entire scanning angular range.

4.1. PEC Square Array

This section considers a 10 × 10 discrete perfect electric con-
ductor (PEC) solid square array consisting of 100 physical el-
ements. This array’s geometry is shown in Fig. 2(a), and its
macroscopic topology and detailed triangular mesh discretiza-
tion are presented in Fig. 3. The central frequency is set to
1GHz, and the side length of each array element is 0.5λ, where
λ denotes the wavelength. Each square patch element is dis-
cretized via RWG basis functions, yielding a total of 24,000
unknowns. The monostatic incident wave adopts HH polar-
ization, and the full-angle scanning range is θ ∈ [0◦, 360◦]
(ϕ = 0◦). Although the nine types of CM basis functions ex-
tracted from the 3× 3 coupled subarray primarily characterize
local coupling, their combination automatically adapts to the
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(a) (b)

FIGURE 5. Square patch array surface current distribution MoM and the proposed method.

physical state of the full array through weighted coefficients
when constructing the full-array dictionary matrix JCM -SED

due to the unique edge current features exhibited by boundary
unit cells, specifically LUCC and UEC. As illustrated in Fig. 4,
the amplitude of induced current coefficients in edge regions,
including LUCC and LeEC, is significantly greater than that in
central regions, demonstrating that this mapping approach ac-
curately captures edge effects, and the resulting fidelity is suf-
ficient to meet engineering accuracy requirements.
Figure 5 compares the surface current distributions obtained

by MoM and the proposed method. As observed from the
monostatic RCS curves plotted in Fig. 6, the results of the
proposed MMV-CS-CM-SED method overlap nearly perfectly
with the reference solutions from direct MoM solving. Even
at broadside angles or certain specific non-resonant angular re-
gions, the proposed method accurately captures deep nulls and
broad peaks of the RCS response. This verifies that the con-
structed CM-SED sparse basis and MMV joint reconstruction
model can effectively preserve the array’s global electromag-
netic coupling information.
Table 1 details the comparison of time consumption at differ-

ent computational stages between the proposed method and the
conventional ASED macro basis function method. The numer-
ical data lead to the following conclusions: In the impedance
matrix filling stage, the conventional ASED method requires
full computation of the full-array-sized impedance matrix, re-
sulting in a fixed filling time of 1323.48 seconds. In contrast,
the proposed method adopts a physics-driven low-discrepancy
sequence subsampling strategy; only a tiny fraction of rows re-
quired by the measurement matrix are filled, drastically cutting
the filling time to 362.61 seconds, corresponding to a reduction
of approximately 72.6%. The solving time column combines
both basis function generation and equation solving process to
align with the computational workflow. For the conventional
ASED method, the total solving time is 1.59 seconds. This in-
cludes solving a 3 × 3 subarray via the standard MoM for ba-
sis generation and direct inversion of the dimension-reduced
matrix to solve the final equation. For the proposed method,
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FIGURE 6. Monostatic RCS of the 10× 10 PEC square array.

the solving time is 4.72 seconds, which encompasses the ex-
traction of characteristic modes by solving a generalized eigen-
value equation on a 3 × 3 coupled subarray, alongside the
subsequent direct non-iterative solving of the highly underde-
termined MMV equation using QR decomposition. Although
the proposed method’s solving time is marginally higher than
that of the ASED method, it remains well within an accept-
able range. Ultimately, the total computational time for the pro-
posed method is 367.34 seconds, compared to 1325.08 seconds
for the ASED method. This demonstrates that the proposed
MMV-CS-CM-SED approach successfully reduces the overall
computation time by approximately 72.3% while maintaining
high accuracy, primarily due to the immense savings achieved
during the impedance filling phase. This prominent advantage
mainly stems from the drastic reduction in impedance matrix
filling time. Moreover, as the array scale further expands, the
advantage of the proposed method in avoiding full-matrix fill-
ing will become even more pronounced.
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FIGURE 7. Square ring patch array surface current distribution MoM and the proposed method.
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FIGURE 8. Monostatic RCS of the 10× 10 PEC square ring array.

4.2. PEC Square Ring Array
This section considers a discrete PEC square ring array con-
sisting of 100 physical elements. This array’s geometry is il-
lustrated in Fig. 2(b). The central frequency is set to 1GHz.
The outer side length of the ring element is 0.5λ, while its inner
side length is 0.2λ. Each square ring element is discretized via
RWGbasis functions, yielding a total of 78,600 unknowns. The
monostatic incident wave adopts Horizontal-Horizontal (HH)
polarization, and the full-angle scanning range is θ ∈ [0◦, 360◦]
(ϕ = 0◦). Fig. 7 compares the surface current distributions ob-
tained by MoM and the proposed method.
As observed from monostatic RCS curves in Fig. 8, results

of the proposed MMV-CS-CM-SED method overlap nearly
perfectly with reference solutions from direct MoM solving,
even at broadside angles or complex resonant nulls. This ver-
ifies that the constructed CM-SED sparse basis and MMV
joint reconstruction model can effectively preserve the array’s
global electromagnetic coupling information. Calculation re-
sults show that the RMSE of this array across the full scan-
ning angular range remains consistently below 1.6 dBsm, satis-
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FIGURE 9. Total computational time and RMSE under different sam-
pling ratios.

fying the requirements of high-precision electromagnetic com-
putation. For the square ring array, the conventional ASED
method required 8761.95 seconds for full impedance matrix
filling. Benefiting from the physics-driven subsampling strat-
egy, the proposed method drastically cut this to 2190.48 sec-
onds, a 75.0% reduction. Regarding the combined solving time,
the ASED method spent 26.78 seconds, whereas the proposed
method required 56.36 seconds. Consequently, the total com-
putation time is 2246.85 seconds for the proposed method ver-
sus 8788.73 seconds for ASED, achieving an overall reduction
of 74.4%. Compared to the solid square array, the computa-
tional advantages become increasingly pronounced as the prob-
lem size expands, further verifying the scalability of the pro-
posed method in avoiding full matrix filling.
The RMSE stabilizes at approximately 1.6 dBsm and is pri-

marily determined by two contributing factors. The first is
mode truncation errors arising from the MS > 0.7 criterion
during 3× 3 subarray CM extraction, and the second is recon-
struction residuals caused by the physical sampling of rows and
columns from the impedancematrix. Fig. 9 reveals that after the
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FIGURE 10. Normalized equivalent receiving pattern of the 10 × 10
PEC square ring array.

sampling ratio exceeds 16%, the RMSE becomes insensitive to
further increases in the sampling ratio. This indicates that the
error of the proposed method is predominantly constrained by
physical boundary approximations caused by CMmode trunca-
tion, rather than the condition number of the sampling matrix.
To demonstrate the robustness of the proposed method, we

compare its performance with conventional compressive sens-
ing approaches reported in the literature [16, 18]. Unlike tra-
ditional CS-based methods, which rely on random sampling
and often suffer from ill-conditioned sensing matrices, the pro-
posed golden-section low-discrepancy sampling strategy en-
sures a well-conditioned measurement matrix. Furthermore,
while the SBL method in [25] requires sophisticated iterative
reconstruction and can be sensitive to noise, our method trans-
forms the problem into a highly overdetermined linear system,
allowing a direct non-iterative solution, such as QR decompo-
sition. As shown in Fig. 9, the proposed method achieves sta-
ble RMSE values even when the sampling ratio is reduced to
16%. This stability across different sampling ratios, along with
the avoidance of iterative recovery, strongly validates the ro-
bustness of the proposed method against modeling errors and
numerical oscillations.

4.3. Equivalent Radiation Pattern Verification

This section provides an equivalent radiation pattern of the fi-
nite periodic array based on physical properties of scattering.
It must be clarified that the primary scope of this paper is pas-
sive monostatic scattering, and the analyzed array structures do
not contain active feed networks. Consequently, the absolute
active antenna gain cannot be defined or numerically derived
within the current analytical framework.
However, according to the Reciprocity Theorem in electro-

magnetics, the receiving pattern of a passive lossless array is
strictly identical to its transmitting radiation pattern. Since the
plane-wave incidence in monostatic scattering corresponds to
the array operating in the receiving mode, the accurately solved
induced currents Ifull from the proposed method can be directly

used to compute the equivalent far-field pattern via standard
far-field integration.
For demonstration, the 10×10 PEC square ring array is taken

as a representative example. By applying the far-field integra-
tion to the extracted currents, the normalized equivalent bistatic
scattering pattern is obtained. As shown in Fig. 10, this pat-
tern physically represents the array’s spatial filtering character-
istics. It is found to contain distinct major lobes and sidelobes
that align well with the theoretical directivity of the periodic ar-
ray. While the absolute gain values remain unavailable due to
the passive scattering nature, this equivalent pattern verification
successfully provides valuable engineering intuition regarding
the array’s radiation characteristics.

5. CONCLUSION
This paper proposes anMMV-CS-CM-SEDmethod for the fast
monostatic analysis of large-scale finite periodic arrays, repre-
senting the first integration of MMV, CS, CM, and SED for this
application. The method extracts excitation-independent CM-
SED bases via coupled subarrays to avoid repeated preprocess-
ing. Using a golden-section low-discrepancy physical sampling
strategy, it eliminates full impedance matrix filling and trans-
forms the conventional ill-posed, underdetermined reconstruc-
tion into a stable, highly overdetermined equation. Numerical
results confirm high robustness and accuracy while achieving
significantly reduced computational time compared to MoM
and ASED, demonstrating a highly efficient and effective strat-
egy for large-scale array electromagnetic analyses.
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