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Abstract — In this paper, an Enhanced Bayesian Com-
pressive Sensing method based on the Method of
Moments (EBCS-MoM) is proposed to accelerate the
solution of three-dimensional electromagnetic scattering
problems. Unlike conventional Bayesian Compressive
Sensing method based on the Method of Moments
(BCS-MoM) approaches, EBCS-MoM employs a Gaus-
sian Scale Mixture prior to model parameters and intro-
duces Laplace or Student’s T hyperpriors to induce
sparsity. To reduce the high computational cost of
matrix inversion in traditional BCS-MoM, EBCS-MoM
uses a surrogate function to approximate the Gaussian
likelihood, allowing for an analytical posterior form.
The algorithm then maximizes the marginal likelihood
to construct a joint optimization problem, which is
efficiently solved under the Majorization—Minimization
framework using a Block Coordinate Descent method.
This reduces the per-iteration complexity to o(n?).
Numerical results demonstrate that the proposed method
significantly accelerates computation while maintaining
accuracy.

Index Terms — Bayesian compressive sensing, method
of moments, monostatic scattering problems.

I. INTRODUCTION

In the context of electromagnetic scattering prob-
lems, the Method of Moments (MoM) [1] is a high-
precision approach that transforms integral equations
into matrix equations. However, during the computa-
tional process of the MoM, the complexities in terms
of memory and time are o(N?) and o(N?), respec-
tively, which significantly restricts its practical appli-
cation. To address this limitation, various fast algo-
rithms have been proposed, including the Fast Multi-
pole Method (FMM) [2], the Multilevel Fast Multipole
Algorithm (MLFMA) [3], and the Adaptive Integral
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Method (AIM) [4]. Despite their advancements, these
algorithms still exhibit constraints in terms of compu-
tational complexity and processing time. Consequently,
more efficient algorithms have emerged, such as the
Adaptive Cross Approximation (ACA) algorithm [5],
the Characteristic Basis Function Method (CBFM) [6],
the Hierarchically Off-Diagonal Low-Rank (HODLR)
method [7], and the Compressive Sensing-based Method
of Moments (CS-MoM) [8, 9]. These innovative meth-
ods demonstrate remarkable efficiency in handling elec-
tromagnetic scattering problems.

Sparse Bayesian Learning (SBL) [10, 11] is a
widely popular machine learning algorithm. In [11],
SBL was introduced into the framework of Compressive
Sensing (CS), leading to the development of Bayesian
Compressive Sensing (BCS), which has been exten-
sively employed for sparse signal recovery. In the realm
of electromagnetic scattering problems, Bayesian com-
pressive sensing is primarily applied in two aspects.
The first pertains to bistatic electromagnetic scattering
models, where, in [12], BCS techniques were utilized
to accelerate the solution of bistatic electromagnetic
scattering problems. The second involves monostatic
electromagnetic scattering models, with [13] introduc-
ing BCS into monostatic electromagnetic scattering
computations. Compared to the traditional CS-MoM [9],
BCS can adaptively determine the number of mea-
surements. However, BCS based on relevance vector
machines necessitates matrix inversion at each iter-
ation, severely limiting its application to large-scale
data. In recent years, several fast SBL algorithms have
been proposed [14—16]. Among them, [14] introduced
a greedy approach that starts from an empty model
and iteratively adds and removes basis functions to
reduce computational time. Leveraging this strategy, a
fast Bayesian algorithm based on a Laplace prior model
was developed [15] for reconstructing sparse signals and
images. Subsequently, by analyzing the stable points
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of variational update expressions, a fast SBL algorithm
based on Variational Bayesian Inference (VBI) was pro-
posed [16]. Nevertheless, these approaches have not fun-
damentally resolved the computational bottleneck when
handling large-scale data. Recently, the Generalized
Approximate Message Passing (GAMP) [17] framework
has been adopted to approximate the posterior distribu-
tion, thereby avoiding matrix inversion. However, this
algorithm introduces an iterative method to replace the
E-step of Expectation-Maximization (EM)-based SBL,
which still fails to alleviate the computational burden
associated with large-scale data. In [18], an Efficient
Sparse Bayesian Learning (ESBL) Algorithm Based on
Gaussian-Scale Mixtures was proposed. This algorithm
exhibits a computational complexity of merely o(n?) per
iteration, significantly mitigating the matrix inversion
challenge encountered in the solution process of tradi-
tional SBL methods. It has been widely applied in sparse
signal recovery and image reconstruction.

In this paper, we have innovatively integrated the
ESBL algorithm into the CS-MoM, thereby proposing
the Enhanced Bayesian Compressive Sensing method
based on the Method of Moments (EBCS-MoM).
The EBCS-MoM method achieves sparse modeling of
parameters by incorporating a Gaussian Scale Mix-
ture (GSM) prior within a Bayesian framework. To
tackle the high computational complexity arising from
the need for matrix inversion at each iteration in tra-
ditional BCS, EBCS-MoM constructs a tight lower
bound for the likelihood function and introduces a
surrogate function to approximate the posterior dis-
tribution, thereby transforming the joint optimization
problem into a decomposable non-convex problem.
Subsequently, the Block Coordinate Descent (BCD)
algorithm [19] is employed within the Majorization-
Minimization (MM) [20] framework to alternately opti-
mize model parameters and hyperparameters. At each
step, analytical formulas involving only vector and diag-
onal matrix operations are utilized, reducing the overall
computational complexity to o(n?). Numerical simula-
tion results demonstrate that, compared to the conven-
tional Bayesian Compressive Sensing-based Method of
Moments (BCS-MoM) [13], the proposed EBCS-MoM
method offers faster computational efficiency while
maintaining comparable accuracy.

II. THEORY
A. Combination of BCS and MoM

According to the MoM, the integral equation for
the monostatic electric field can be transformed into the
following matrix equation:

Zynon[I(61),1(62),...,X(6,)]Nxn
=[V(6,),V(62),...,Y(6,)]nxn, (1)

ACES JOURNAL, Vol. 40, No. 12, December 2025

where Z represents the impedance matrix with dimen-
sions of N X N, 01,6,...6, denote the incident angles,
I(6;) corresponds to the induced current for the given
incident angle, and V(6;) is the excitation vector associ-
ated with that incident angle. Solving equation (1) using
the MoM for each incident angle involves a tremendous
computational burden. In [13], the BCS-MoM was intro-
duced to address this challenge.

Each row in matrix [I(6;),1(62)...1(6,)]nxn rep-
resents a one-dimensional complex signal of length n.
Sparse projection of these N signals yields the following
expression:

[1(91)71(92);---71(9:1)]T:¢an .
y(en)T
= wnxnwany (2)

where 1,«, 1S a sparse matrix and w,xy is a sparse
coefficient matrix. For the convenience of description,
let [y(el ):¥(62),... 7y(9n)]T = WnxN-

According to the BCS theory, we construct an inde-
pendently and identically distributed Gaussian measure-
ment matrix ¢y, = [Cjjli=1,2...m;j=1,2...n|,m <
n. By transposing both sides of equation (1) and mul-
tiplying them simultaneously by ¢, the following
expression can be obtained:

c, C, C, | 1617
G, C, G, | |1(6)T .
G Co - Cul 107
c, C, C, _V(Gl);
G Go o ol LV6)T
which can be rewritten as:
_1(91)5 V(Gl);
b 1(9:2) 7o V((?z) o
1(6,)7 V(o)
Substituting equation (2) into equation (4) yields:
)’(gl); X(gl);
b | | 2= || 9
¥ (6,)7 V(6"

Let ¢mn[V(61),V(62),...,V(6,)]T be set as

[VBCS 1T, where each row represents a new excitation,



and there are a total of m new excitations. Similarly,
let @yuntnxn[y(61),7(62), ., ¥(6,)]" be set as [IFS5,)7,
which represents the induced current under the new
excitations. Therefore, equation (5) can be rewritten as:

ZIBCS :VBCS i (6)

Nxm Nxm

1255 can be computed using the MoM. Conse-

quently, the following equation can be derived:

BCS
Ly = @mxnWnxn@Wnxn, @)
where Il,f,CXSN is the observation matrix, which is the

transpose of If,(;sm By extracting the first-column data

from matrices IESS ey and wy, v, then adding noise vectors
£ to both sides of the equation, we derive the following
Bayesian model-compliant formulation:

I?CS = d)mxnwnxnwl +£ =dw +€7 (8)

where @ serves as the sensing matrix. Within the
Bayesian framework, in order to conduct inference, we
need to make prior assumptions about model (8). Typi-
cally, it is assumed that w; and & follow the following
Gaussian prior models:

HN o}]0,a71),

p(w|a) i=12...n, (9

§|/1:ﬁ N(E[0,4), i=12...n,  (10)

where « and A are hyperparameters of the model. Each
element of o = [0y, ... 07 is independent of one
another, and the same holds true for each element of A =
[A1,22...2,)". Furthermore, we assume that A; follows
Gamma distributions: p(A;) ~ Gamma(ay,by), where ag
and bg are given parameters.

Based on the aforementioned assumptions, a mul-
tivariate Gaussian likelihood model for TS can be
derived:

BCS 2
PO 1) () ¥ e (L2

(1)

From equations (9) and (11), the marginal distribu-
tion of TS can be derived:

p(I{%a, 1)
- 1
=(Q2n)7 \D|7‘ exp (2(IfCS)TD‘II‘fCS> . (12)

where D = AE + ®A~'®T and A = diag(oy, o ... ay).
According to the Bayesian formula, the sparse posterior
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distribution of w is given by:
p(wl |I]Bcsa «, A’)

P, A)p(ei]e)
P(IFSox,2)

m -1
- (m) ¥ [y
xexp( w]—uTZ wl—u) (13)

where w; mean and covariance are:

u=21Y &, (14)
Y =A+r2"®) " (15)

The update of hyperparameters can be regarded as a
learning problem in the context of relevant vector bases.
According to equation (12), the Type-II maximum likeli-
hood estimates of the hyperparameters can be obtained:

new __ Yi
o= (16)
IBCS—(I)M 2
()‘)new: H 1n_2-’y' H , (18)

where u; is the ith posterior mean weight from (14) and
Y ;i is the ith diagonal element of the covariance in (15).
In order to compute the sparse vector @i, this
algorithm performs an iterative update process by con-
tinuously applying (16) and (18) while updating the
posterior statistics of (14) and (15) until the convergence
condition is satisfied. Finally, the sparse coefficient vec-
tor wy is approximately equal to u. Similarly, perform-
ing BCS-MoM restoration on each column of matrix
w in equation (7) allows reconstruction of the sparse
coefficient matrix w. By substituting w into equation
(), [1(61),1(62),...,1(6,)]" can be obtained. Figure 1
illustrates the algorithm flowchart of the BCS-MoM.

B. Proposed method

To address the high computational complexity issue
arising when the traditional BCS-MoM solves equation
(15), this paper proposes the EBCS-MoM algorithm. By
introducing a GSM prior, this algorithm constructs a
lower bound function for the likelihood and employs the
BCD method to optimize each parameter step by step,
thereby reducing the computational load per iteration.
For the detailed implementation process of EBCS, refer
to [18].
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Algorithm 1: BCS-MoM Algorithm

BCS

Date: sensing matrix @ , observation matrix I,

sparse coefficient vector ®,, noise vector &;

new

Result: estimated value ;" ;

1 Initialize: maximum iteration count X ,
convergence threshold 7, current iteration count
k , hyperparameters o and A ;

2 While true do

Calculated from (14)u ;

Calculated from (15)X;

Calculated from (16) " ;

Calculated from (18) (4)™";

new

Update the value of @ tou ;
if [0 - [,<Tvk=K
9  break;

10 else

11 Update the value of ®

(eI e Y N

old new

o ;
12 Update A to diag(e,,,..ct,) -

13 end
14 end

Fig. 1. Flowchart of BCS-MoM algorithm.

In EBCS-MoM, each element of w; is assumed to
follow a GSM prior:

pl@) = [ p@ilpondy, i=1.2.n, (19

1 i\2
plofn) = mn)Hexp (- (510

~ N(6,0,%),i=1,2...n, (20)
where ¥ is a hyperparameter that controls the sparsity of
each parameter. Typically, ¥ can be chosen from differ-
ent distributions, such as the exponential distribution and
the Gamma distribution. In this paper, we assume that ¥;
follows independent and identically distributed Gamma
distributions: p(y;) ~ Gamma(cy,dyp), where ¢y and do
are given parameters.

To avoid computing equation (11) at each iteration,
EBCS introduces a lower bound of the likelihood func-
tion. By introducing auxiliary variables 8 to replace
the true parameter model w;, and letting f(w;) =
[T8CS — ®w||?, an upper-bound function R(wy,B) is
constructed as follows:

f(w1) < R(wr,B) = 7 —@B|?

+2(wi — B) BT (BB —TF) + 50w — B1%,
(21)
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where so = eig(®T®) + 7 and T is a constant. This
function is equal to f(w;) at the point where w; = .

Based on the aforementioned approximation, a sur-
rogate likelihood function p(I¥%|w;, 4, B) can be con-
structed:

PS[wr 2. B) = (274) F exp <Ww¢3>) |

2
(22)
Thus, the following equation is established:
PP wr,4) = max pP w1, 2, B). - (23)

By replacing p(I¥S|w;,A) with its lower bound
p(18S|wy, A, B), an approximate posterior density of
wi can be obtained, where B is fixed. According to
Bayesian principles, the following approximation can be
derived:

p(wi|FS,4,7)

o PP 2, piplwnly)
J IS w1, A, B)p(wi|y)dw

N(”‘*’I’Zwl>’

(24)

with:
Y. = (T~ +50AE) ", T = diag(y), (25)
oy =AY, (soB —®T®f +BTTPS).  (26)

Therefore, the point estimate of w; is given by:

A —1 o N R
w1 = (rMP ""_SOAMPE) IAMP(Soﬁ — @T(I)ﬁ + q)TIIi?CS)’
(27)

where Ayp and T'yp are hyperparameters to be esti-
mated.

The subsequent critical step involves optimizing
parameters A, ¥, and . During the Type-II Maximum
Likelihood Estimation process, hyperparameters can be
estimated by maximizing the joint probability density
function. Consequently, A, ¥, and 3 are obtained through
the following optimization problem:

(A.7.P) = argmax
% [ IS w1, A, B)plwr v)p(R)p(r)dw:,
(28)

and, subsequently, the cost function L in the joint
space of model parameters and hyperparameters can be
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obtained:
L(wl7ﬁ7627/}/)
n 2d i\2
Z <1n 0' +s0%) +crlny + 0+((D1)>
= i
R 2b
—n11n62+%, (29)

where n =n+2—m—2ag, ¢c; =2co—2, 6> =2A"!and
R(wi, B) is provided in (21).

EBCS decomposes the cost function into convex
and concave parts, leverages the MM framework for
optimization, and progressively optimizes each param-
eter using the BCD method. Ultimately, the update
formulas for all parameters can be obtained:

—1
k) _ (k)" S0
Zw1 = (r + (GZ)kE> , (30)
1 k
1 o L 0B - a7 T,
(3D
ﬁ(kJrl) — wl(k+1)’ (32)
k+1 Z —k)’ (33)
1:1 +S()')/
(62)k+HD) — ny+y/nf +4pEED ([ — B2 4 2bo)
zp(k+l) (34)
e _ | 2002 o) 2o + (@) 4417

@ +1)S0’}’l~(k) JrC](Gz)(k) ’

i=1,2...n. (35)

The iteration stop threshold for EBCS is defined as:

[Jwy $+D) — oy 0]
<s, 36
Jo @] S (0)

where 0 is defined as the threshold. The EBCS-MoM
method iteratively optimizes the parameters until equa-
tion (36) is satisfied, thereby obtaining the sparse coef-
ficient vector wj. Similarly, performing EBCS-MoM
restoration on each column of matrix w in equation (7)
allows reconstruction of the sparse coefficient matrix
w. The obtained w is then substituted into equation (2)
to derive the original current [I(8;),1(6,),...,1(6,)]".
Figure 2 illustrates the algorithm flowchart of the
EBCS-MoM.

Algorithm 2: EBCS-MoM Algorithm

Date: sensing matrix ® , observation matrix 17
sparse coefficient vector ®,, noise vector &;
Result: estimated value o, ;

1 Initialize: maximum iteration count X , current
iteration count &, convergence threshold &,

hyperparameters (o))" and (), () ;
2 While true do
Calculated from (30) ZL)’:) ;

3

4 Calculated from (31) 0™ ;

5 Calculated from (33) g%V ;

6 Calculated from (33) p*“*" ;

7 Calculated from (34) (¢*)**";
8 Calculated from (35) }/’(1‘”) ;

(k+1) (k)
® -0
9 e, : Hs5vk:K break;
o,
1
10 end
e =0

Fig. 2. Flowchart of EBCS-MoM algorithm.

C. Computational complexity analysis

The computational complexity for impedance
matrix filling and I3 is the same in both BCS-
MoM and EBCS-MoM methods. Therefore, here we
only compare the computational complexity of the two
methods in solving equation (8).

1. BCS-MoM

The computational cost per iteration primarily centers
on the inversion of the covariance matrix and the
calculation of the posterior mean. The computational
complexities for solving equations (14) and (15) are
o(n?) and o(n?), respectively.
2. EBCS-MoM

The computational cost per iteration primarily
focuses on matrix multiplication. When solving equa-
tion (30), it mainly involves the inversion of a diag-
onal matrix, with a computational complexity of
o(n). When solving equations (31), (34), and (35),
the computation involves calculating &7 ®, with a
computational complexity of o(n?).

Therefore, the proposed method substantially
decreases the computational complexity per iteration.

III. NUMERICAL RESULTS
To demonstrate the validity of the EBCS-MoM,
numerical simulations of different three-dimensional
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conductor models are performed. Furthermore, the BCS-
MoM and the GGAMP-SBL approach [17] based on
the Method of Moments (GGAMP-SBL-MoM) were
selected as benchmark methods for experimental com-
parison. To enable quantitative assessment of compu-
tational accuracy, the root-mean-square error (RMSE)
metric for the monostatic radar cross section (RCS) is
defined as:

1 Na
RMSE = ﬁZ|Rcscal_y,~—Rcsref7,~\2, (37

ai=]

where RCS,; is the calculation result obtained through
methods EBCS-MoM, GGAMP-SBL-MoM and BCS-
MoM, RCS,¢; is the calculation result using MoM, and
N, is the number of sampling points.

First, the monostatic scattering problem of a missile
is analyzed at the angle of incidence from 8 =0° to 6 =
180° and ¢ = 0°, which has an incident frequency of
1.4 GHz. The target is discretized into 9178 triangles,
causing 13676 unknowns.

In (2), sparse transformation is applied to
[1(6,),1(6,),...,1(6,)]". To determine an appropriate
sparse basis, Fig. 3 illustrates the errors corresponding
to two commonly used sparse bases under different
numbers of measurements. It can be observed that as the
number of measurements increases, the errors associated
with both methods decrease. Moreover, when the same
number of measurements is employed, the Hermite
sparse basis yields better performance compared to
the Discrete Cosine Transform sparse basis (DCT).
Therefore, in this paper, the Hermite sparse basis is
selected.

or —A— EBCS-MoM-DCT
—e— EBCS-MoM-Hermite

RMSE/dBsm
[ ) w £ W
T T T

30 40 50 60 70 80 9% 100
Number of Measurements

Fig. 3. RMSE of BCS-MoM-DCT and EBCS-MoM-

Hermite with different number of measurements.

To analyze the impact of varying iteration counts on
the computational time and accuracy of two methods,
Fig. 4 presents the time and accuracy results for both
methods across different iteration counts. As observed
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from Fig. 4, the accuracy of both methods consis-
tently improves as the number of iterations increases.
Notably, when the iteration count exceeds 90, EBCS-
MoM achieves higher accuracy. Furthermore, due to its
lower computational complexity per iteration, EBCS-
MoM requires significantly less computational time.

—4— BCS-MoM-RMSE

—e— EBCS-MoM-RMSE
—4— BCS-MoM-TIME
—o— EBCS-MoM-TIM

)
o

RMSE/dBSm
(5]

50 60 70 80 90 100 110 120
Number of Iterations

Fig. 4. RMSE and solution time of BCS-MoM and

EBCS-MoM with different number of iterations.

To demonstrate the advantages of the proposed
method, Fig. 5 presents the computational time and error
corresponding to the two methods under different num-
bers of measurements. As seen in Fig. 5, under varying
numbers of measurements, EBCS-MoM exhibits faster
computational time compared to BCS-MoM. Addition-
ally, in comparison with the BCS-MoM method, EBCS-
MoM also demonstrates certain accuracy advantages.

To demonstrate the accuracy of the proposed
method, Fig. 6 presents the average current values
obtained MoM and the EBCS-MoM under different inci-
dent angles, while Fig. 7 displays the RCS calculation
results from three methods. As evident from Fig. 6, the
current distributions computed by EBCS-MoM exhibit
excellent agreement with those obtained by the MoM.
From Fig. 7, it is evident that the RCS results of three
methods align well with those obtained by the MoM.
Moreover, EBCS-MoM exhibits superior accuracy.

Second, the scattering problem of an array target
consisting of 16 PEC objects with two different shapes
is analyzed. The frequency of the incident wave is set
to 1.3 GHz, and the incident excitations are a set of H-
polarized plane waves from 8 = 0° to 6 = 180° and
¢ = 0°. The target is discretized into 27216 triangles,
causing 40824 unknowns.

Figure 8 illustrates the average current values
obtained by the MoM and EBCS-MoM under differ-
ent incident angles, demonstrating excellent agreement
between the current distributions computed by EBCS-
MoM and those derived from the MoM. Finally, the
monostatic RCS of the array target calculated by three
methods are displayed in Fig. 9. Apparently, the RCS



—4— BCS-MoM-RMSE
7 —e— EBCS-MoM-RMSE
—4&— BCS-MoM-TIME

—e— EBCS-MoM-TIME

wn
Time/s

RMSE/dBsm
IS

w

30 40 50 60 70 80 90 100
Number of Measurements

Fig. 5. RMSE and solution time of BCS-MoM and
EBCS-MoM with different number of measurements.

-4
0.3 2107 ‘ : :
| | Real-MoM | |
. N
g O o Real-EBCS-MoM
2 ® Imag-EBCS-MoM |
= 0.1F {20q | | |
g %, ‘ |
g . |
Z 00 ¢
= ! - g \
g | %og,0°
=-0.1 ! \ @ q
8 | | |
-0.2 F
1 1 1 1 1 1 1 1

0 20 40 60 80 100 120 140 160 180
Incident Angles (degree)

Fig. 6. The average value of induced current under
different incident angles.

results obtained from the three methods, namely BCS-
MoM, GGAMP-SBL-MoM, and EBCS-MoM, show
good agreement with those calculated by the MoM.

The comparison of computation time, memory
usage, and RMSE using different methods for the two
models is shown in Table 1. Here, the observation
current is IE,CXSN. Given that the primary memory con-
sumption stems from the storage of the impedance
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10

— MoM

0 Yy ? '@ BCS-MoM |
| | |0 GGAMP-SBL-MoM |

-10 | ' | | ® EBCS-MoM

20 F

RCS /dBsm

30

40

- R S S SR S TR
0 20 40 60 80 100 120 140 160 180
Incident Angles (0=0"~180°,¢=0")

Fig. 7. Monostatic RCS of missile in horizontal polar-
ization.

x 104

Real-MoM
Imag-MoM |
@ Real-EBCS-MoM
® Imag-EBCS-MoM

e
=

Induced Current
& o
— >

'
S
9

0 20 40 60 80 100 120 140 160 180
Incident Angles (degree)

Fig. 8. The average value of induced current under
different incident angles.

matrix, excitation sources, and currents, there is little
difference in the memory requirements among these
methods. As can be seen from Table 1, when comparing
with the BCS-MoM method, the EBCS-MoM reduces
the computational times 30.91% and 26.56%. Similarly,
when compared with the GGAMP-SBL-MoM method,
it reduces the computational times 12.94% and 13.34%.
It significantly accelerates the computation while main-
taining accuracy.

Table 1: Comparison of computation time, memory usage and RMSE

Model Method Unknown | Calculating | Recovery Total RMSE | Memory

Observation | Induced | Time (s) | (dBsm) (GB)

Current Current

Time (s) Time (s)
Missile MoM 13676 - 259.98 259.98 - 2.86
BCS-MoM 114.12 171.63 285.75 1.09 2.87
GGAMP-SBL-MoM 114.12 112.63 226.75 0.75 2.87
EBCS-MoM 114.12 83.28 197.40 0.61 2.87
Array Target MoM 40824 - 2164.54 2164.54 - 25.05
BCS-MoM 1083.25 795.30 1878.55 0.75 25.06
GGAMP-SBL-MoM 1083.25 508.72 1591.97 0.64 25.06
EBCS-MoM 1083.25 296.27 1379.52 0.68 25.06
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0 b o
z ® BCS-MoM

15 H ©  GGAMP-SBL-MoM
gl Y ® EBCS-MoM
-]
2o

Sk

10

15 1 1 1 1 1 1 1 1

0 20 40 60 80 100 120 140 160 180
Incident Angles (6=0~180°,¢=0")
Fig. 9. Monostatic RCS of the array target in horizontal
polarization.

IV. CONCLUSION

In this paper, an enhanced electromagnetic scatter-
ing algorithm is presented. The EBCS-MoM method
constructs a sparse model by incorporating a GSM
prior and utilizes a surrogate function to approximate
the Gaussian likelihood, thereby circumventing matrix
inversion. By integrating the approach of maximizing
marginal likelihood, a joint optimization problem is
formulated. This problem is then efficiently solved using
the BCD method within the MM framework, achieving
a rapid computational complexity of only o(n?) per iter-
ation. Finally, numerical results validate the superiority
of the proposed method.
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