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ABSTRACT: A novel dual compressive sensing (DCS) method is presented to resolve the limitations in computational accuracy and
efficiency encountered by conventional DCS approaches during monostatic electromagnetic scattering analysis. Based on the connection
between adaptive cross approximation (ACA) and generalized orthogonal matching pursuit (gOMP) in DCS, the integration of ACA
and gOMP into the DCS framework is implemented. Specifically, ACA is employed to construct a deterministic measurement matrix
by extracting row indexes containing critical information from the impedance matrix. This method reduces column correlation in the
measurement matrix, enabling fewer rows to achieve comparable accuracy. Furthermore, the gOMP algorithm is adopted for signal
recovery, leveraging its multi-column selection mechanism to better utilize the optimized information from ACA, thereby enhancing
reconstruction accuracy and efficiency. Numerical analysis demonstrates that the proposed method achieves a significant enhancement

in both accuracy and efficiency.

1. INTRODUCTION

The method of moments (MoM) is a highly effective numer-
ical method for analyzing electromagnetic scattering prob-
lems, as it discretizes integral equations of electromagnetic
fields into matrix equation. However, the computational cost
becomes prohibitively high when targets are analyzed with a
large number of unknowns. To address these challenges, vari-
ous acceleration algorithms have been developed, including the
Multi-Level Fast Multipole Method (MLFMM) [1], character-
istic basis function method (CBFM) [2, 3], and synthetic basis
function method (SBFM) [4].

In recent years, compressive sensing (CS) [5-8] has been in-
troduced into MoM, resulting in a promising method for analyz-
ing electromagnetic scattering problems known as compressive
sensing-method of moments (CS-MoM) [9]. CS-MoM con-
sists of two models when analyzing problems of electromag-
netic scattering characteristics. One model deals with monos-
tatic scattering problems [10, 11], and it aims to minimize the
number of matrix equations to be solved. The other model ad-
dresses bistatic scattering problems [12, 13], in which the ma-
trix equation is transformed into an underdetermined equation,
accelerating the solution.

When addressing the second model for solving electro-
magnetic scattering problems in three-dimensional (3D)
conductors, several methods to enhance computational effi-
ciency have emerged. For instance, in constructing sparse
basis, the methods proposed for constructing sparse basis
are Krylov subspace basis functions [14, 15] and character-
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istic models (CMs) [16,17]. In the other core technology,
constructing the measurement matrix, the row elements of
the impedance matrix are typically extracted randomly [18],
uniformly [17], and using the adaptive cross approximation
(ACA) row index [19]. As for the first model, researchers
reduce the number of equations that need to be solved by
randomly combining incident excitations from different angles
to form a new incident source [20]. Based on these findings,
[21] proposes a dual compressive sensing (DCS) method,;
however, since the surface integral equations of the 3D targets
are usually discretized by Rao-Wilton-Glisson (RWG) basic
functions, resulting in induced currents that are not sparse
on the general level, the method can only be used to analyze
the electromagnetic scattering problems for two-dimensional
(2D) targets. Therefore, [22] proposes a novel DCS method
to solve the monostatic scattering problem for 3D targets.
However, the method still uses randomly extracted rows of the
impedance matrix to construct the measurement matrix and
uses the orthogonal matching pursuit (OMP) to reconstruct
the currents. Therefore, both computational accuracy and
efficiency require enhancement. Ref. [23] also proposes a
DCS method that incorporates ACA to accelerate the filling
of the excitation matrix, thereby reducing memory usage and
computational cost.

It is worth noting that the principles of compressed represen-
tation and selective sampling extend beyond electromagnetic
scattering. In materials modeling, recent efforts have focused
on developing structure-aware, efficient algorithms for predic-
tive modeling, often using compressed data and smart sampling
strategies. For example, Zhang et al. provide a comprehensive
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overview of machine learning-based interatomic potentials and
highlight the importance of well-designed sampling and recon-
struction schemes [24]. This broader perspective underscores
the relevance of compressed sensing approaches across various
fields of computational science.

A novel method based on a DCS framework combined with
ACA is proposed in this paper. Ref. [19] primarily utilizes ACA
row indices as a prerequisite for the second-layer ACA, without
specific optimization for computational accuracy. In contrast,
the ACA row index method proposed in this paper emphasizes
its integration with the signal recovery algorithm. During each
iteration of gOMP, the low column correlation of the ACA-
constructed measurement matrix is fully exploited, enabling
bidirectional optimization that significantly enhances compu-
tational accuracy. Firstly, a measurement matrix is constructed
using the row indices generated by the ACA algorithm, replac-
ing the traditional method of randomly selecting rows from the
impedance matrix and serving as the basis for extracting the
corresponding rows. Subsequently, given the correlation be-
tween the measurement matrix constructed by ACA and Gen-
eralized Orthogonal Matching Pursuit (gOMP) algorithm, we
have replaced the reconstruction algorithm in the second layer
of the DCS framework with the gOMP algorithm. The ACA
algorithm constructs the measurement matrix by extracting key
row indices, generating a deterministic matrix with low col-
umn correlation, whose reconstruction coefficients provide ef-
ficient excitation for the second layer. Compared to the single-
column selection mechanism of OMP, the multi-column selec-
tion mechanism of gOMP, when being combined with ACA,
can fully leverage the information from the first layer, thereby
significantly enhancing both computational efficiency and ac-
curacy. Compared with [23], our method is dedicated to op-
timizing the entire compressive-sensing pipeline — not only
matrix filling, but, more importantly, the measurement-matrix
construction and signal-recovery stages within the DCS pro-
cess. Such end-to-end optimization is more conducive to sub-
sequent research and improvements. By contrast, [23] merely
uses ACA to accelerate the filling of the sensing matrix, which
indeed reduces time and memory costs but does not system-
atically optimize the DCS framework. Moreover, because ac-
celerated matrix-filling operations can be applied in many con-
texts, our method’s optimization of the entire DCS framework
not only lowers time costs and enhances accuracy but also pro-
vides a solid foundation for further integration of these acceler-
ated matrix-filling techniques, enabling additional performance
gains. The effectiveness of the proposed method is demon-
strated by theoretical analysis and numerical simulations.

2. THEORY

2.1. Dual Compressive Sensing Theory

From the MoM of monostatic scattering analysis, the equation
can be derived as shown below [22]:

Znun i Xy - Igly g =[V1 V2 --- Velyr (D

where N represents the number of RWG basis functions, and
Z is the impedance matrix of dimension N x N. Moreover,

V; to Vg are the excitations at R discrete incident angles, and
I; to Iy are the corresponding induced currents. Furthermore,
transposing both sides of the equation and left multiplying the
Gaussian matrix ® of size r x R yields the following output:

11 Vl
I . Vo

Prxr | . [Z"|nxN = ®rxr : (2
Ir | pun Vi |pun

where 7 represents the number of randomly selected angles,
and the ® refers to a random matrix whose elements are inde-
pendently and identically distributed according to the standard
normal distribution. To achieve current sparsity, a sparse ba-
sis implementation is employed. Within this framework, the
discrete cosine transform (DCT) matrix ® serves as the desig-
nated representation basis for the induced current, which can be
mathematically formulated as follows:

I €1
12 €2
=Wrxr | . A3)
Iz | gy R ] RxN
where [e1---gg-- - er|E, v represents the vector of coeffi-

cients of the induced current over the sparse basis ¥. And the
size of ¥ is R x R; substituting Eq. (3) into Eq. (2) yields the
following:

€1 V1
£2 T V2

P rPRrxR 2" |NnxN=Prxr : “4)
ER | px N Ve | pun

Apply the transpose operation to both sides of the above equa-

tion results in:

ZNXNI%%;T :V%ir (5)

where V5, represents the reconstructed excitation source,
and IS, denotes the induced current generated by this source,
expressed as:

€1
098] = ®rxnPrxr 622 (6)
€R | rxnN
\ 41
VOS] = ®rxr V:Q 7
Ve | pun

In the monostatic scattering analysis, I, can be expressed in
terms of characteristic basis functions (CBFs) as follows:

cs CBFs
IN%r = INs o xr (®)
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FIGURE 1. Schematic diagram of ACA row index.

where IIC\}?’XF % represents the CBFs, and o ;- denotes the coef-

ficient vector. Substituting Eq. (8) into Eq. (5) yields:
€

A random selection of M rows from the impedance ma-
trix Zy x n is performed to generate the restructured excitation
source V%SXT through the following procedure:

CBFs CS
ZNXNIijaJXT = VN><r

Lo NI Qe = Or0yr = Vi, (10)
where Z Mx N represents M rows randomly extracted from the
impedance matrix Zy v, and V§3, . represents M rows ran-
domly extracted from the excitation matrix V5. ©; is the
sensing matrix Zy;yx NISEES,. Since M < J results in an
overdetermined system, the coefficient vector avjx, is esti-
mated via the least squares method, then substituted into Eq. (8)
to compute I%SXT, which is ultimately inserted into Eq. (6) to
establish another CS theory framework.

€1
M99y = ®,4xr P - =0 11
rxN = PrxRYRxR = Oaerxny (11)
€R

RXN

Since the number of » < R, the set of equations at this level
is smaller than the number of unknowns to be solved, and the
recovery algorithm for the second step uses OMP. However, as
it selects only a single atom in each iteration, multiple iterations
are required. Moreover, due to the high column correlation of
the measurement matrix caused by random row extraction, er-
ror accumulation is likely to occur [25].

2.2. The Proposed Method

In the aforementioned DCS method, the measurement matrix is
constructed by randomly extracting rows, which is essentially
an uncertain sampling method that does not consider the impor-
tance of individual row elements. To extract more meaningful
rows from the impedance matrix, the new method employs the
ACA to construct the measurement matrix.
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The purpose of the ACA is to approximate Z by Z, as shown
in the following formula:

Z=UV (12)

During this process, the ACA algorithm produces row in-
dexes and column indexes, with the row indices essentially in-
dicating the rows in the original matrix that contain critical in-
formation. Therefore, these generated row indices can be lever-
aged to construct the measurement matrix, instead of randomly
selecting some rows from the original matrix. This method can
effectively enhance the accuracy of the measurement matrix
construction and improve the efficiency of the recovery pro-
cess in monostatic electromagnetic scattering problems. The
relevant process is shown in Fig. 1.

To ensure accuracy, the row indices with the max number
of 59, 83,55, ..., s3 are identified and converted into row-order
numbers in the impedance matrix. Then, these row-order num-
bers are used as extraction guidelines when constructing the
measurement matrix. So, the total number of rows extracted
by ACAis Y s; = s, where s; is the max number of s]. There-
fore, Eq. (9) can be transformed into:

—yOs

sxr (13)

., CBFs
ZSXNINXJaJXT‘ = ®1a,]><r

where Z  and VSCXST represent s-row extracted from matri-
ces Zyxn and V§S,,., respectively. The CS recovery matrix
©1 = Zs VISP, calculates coefficients «x, using recon-
struction algorithms. Since s > J, the system of equations
becomes overdetermined, and therefore the coefficient o ;.
is obtained using the least squares method.

The aforementioned DCS in solving Eq. (11), where
O, D, rWPr«r is the recovery matrix, and
[e1--- er)k, n is the required solution coeffi-
cient matrix. The recovery algorithm in the second step of this
paper employs gOMP. Compared to OMP, which only selects
the maximum value of the inner product, the multi-column
selection mechanism of gOMP can more fully exploit the
informational advantages offered by the measurement matrix
constructed by ACA. After recovering the coefficient matrix
€rx N using gOMP, the original induced current is obtained by
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FIGURE 2. Flowchart of the proposed method.

substituting € px n into Eq. (3). The flowchart illustrating the
entire principle is shown in Fig. 2.

In Fig. 2, r is the residual, and u represents the inner product.
The connection between them is as follows: the first layer con-
structs the measurement matrix through ACA, and the I3 ,. is
obtained through Eq. (11), which is then used as the excitation
for the second layer. In the second layer, the gOMP algorithm
initializes the r as [I°%]7 \, and in subsequent iterations, it re-
mains related to [I9°]Z, . In the second-layer recovery phase,
this paper employs the gOMP algorithm, which introduces a
core enhancement by selecting S atoms (S > 1) exhibiting the
strongest correlation with the residual error during each itera-
tion. The mathematical formulation of this improvement can
be expressed as follows:

S, = arg max Z [(re—1, ¢5)| (14)

JjeT

where r;_; represents the residual from the (¢ — 1)th iteration,
and ¢; represents the jth column of the measurement matrix.
In this process, the residual of the first layer r; = [I99 ]Z; N
is transmitted to the second layer through implicit encoding,
driving the optimization direction of the initial residual of the

gOMP algorithm.

ro=y- A =y— A (AT4) Ay 5)
where y represents the [I9°]7 ,, and A represents the ®W.
Due to the low-correlation property of y, the statistical char-
acteristics of the missing matrix A and y exhibit strong cor-
relation, enabling the gOMP algorithm to quickly approxi-
mate the global optimal solution through multi-atom selection.
The low column correlation of the measurement matrix con-
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structed by ACA ensures that the .S atoms selected in each iter-
ation are approximately orthogonal, thereby avoiding informa-
tion redundancy and accelerating the convergence of the sup-
port set. Additionally, the multi-atom selection mechanism en-
ables the simultaneous capture of multiple key modes, miti-
gating the recovery bias caused by the accumulation of errors
from single-atom selections. In summary, through the hierar-
chical optimization mechanism, the deterministic measurement
matrix constructed by ACA is deeply coupled with the multi-
atom selection strategy of gOMP to form an information-driven
compression-recovery paradigm.

3. COMPLEXITY ANALYSIS

In the comparative analysis of measurement matrix construc-
tion methodologies, the measurement matrix has a dimension
of m x n, and the random extraction method extracts M rows,
whereas ACA extracts s rows. Since ACA extracts rows con-
taining key information, it achieves the same accuracy with
fewer rows, hence s < M. The computational complexity
for constructing the measurement matrix using random extrac-
tion is O(Mn), whereas the computational complexity for con-
structing the measurement matrix using ACA row indexes is
O(sn). Therefore, for the same level of computational accu-
racy, the computational complexity of the measurement matrix
is reduced. When signals in the second layer are recovered,
the computational complexity of OMP and gOMP algorithms
mainly consists of two parts: atom selection and least squares
update. Assuming that the sparsity of the sensing matrix is K,
the overall complexity of OMP can be decomposed as follows:

(1) Atom Selection: In each iteration, the inner product be-
tween the residual and each column of the measurement matrix
needs to be computed, requiring O(mn) operations. After K
iterations, the total complexity of atom selection is O(Kmn).

(2) Least Squares Update: In each iteration, a ¢t x t least
squares problem needs to be solved, where ¢ is the current it-
eration count. In each iteration, the computation of A7 A has a
complexity of O(mt?), and solving the resulting linear system
has a complexity of O(t®). Therefore, the overall complexity
per iteration is generally considered to be O(mt? + t3). After
K (K = t) iterations, the total complexity of the least squares
update is O(mK3 + K*).

Thus, the overall computational complexity of the OMP al-
gorithm is O(K'mn +mK? + K*). For the gOMP algorithm,
S atoms are selected per iteration, reducing the number of it-
erations to K /S. Similar to OMP, its complexity analysis is
O((Kmn + mK? + K*)/S). Therefore, the overall compu-
tational complexity of the gOMP algorithm is reduced by ap-
proximately S times compared to OMP. In summary, compar-
ing the complexity analysis of the two methods, it is evident
that the new method has a lower complexity than the traditional
method, significantly improving computational efficiency.

4. NUMERICAL RESULTS

To demonstrate the effectiveness of the proposed method, vari-
ous 3D perfect electric conductor (PEC) targets are numerically
simulated. The root-mean-square error (RMSE) of the monos-
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TABLE 1. Correlation coefficients between measurement matrix and sparse basis.

Method

Random extraction

Uniform extraction Proposed method

Correlation coefficient

0.0074 + 0.1471i

—0.0134 — 0.01461  0.0058 + 0.012541

tatic radar scattering cross (RCS) of the targets is as follows:

Na

1
F Z (Ucal - UMOM)2

@ i=1

RMSE = (16)

where N, represents the sample number, o, the calculation
results of the proposed methods used, and oM the calculation
results of the MoM.

4.1. Perfect Electrical Conductor Cone

The first example is the monostatic scattering problem for a
cube with a base radius of 1 m and a height of 2 m and vibrat-
ing at 400 MHz. The target is discretized into 6970 triangu-
lar elements, yielding 10455 unknowns. Then, the cone is di-
vided into 15 blocks and extended in all directions according
to A = 0.15), resulting in 21946 unknowns, and 1665 CBFs
were obtained.

First, Table 1 presents the correlation coefficients between
the measurement matrix 2 and sparse matrix ¥ constructed us-
ing the random extraction and uniform extraction strategies, as
well as the proposed method. It is evident that the measure-
ment matrix Z constructed using the proposed method exhibits
a weak correlation with the sparse transformation matrix W sat-
isfying the RIP [26], which ensures the accurate reconstruction
of the sparse coefficient cx.

Next, to verify the convergence of gOMP, Fig. 3 compares
the impact of the number of selected atoms S on the RMSE,
where angle represents the rows of the sensing matrix ®s. As
shown in Fig. 3, the RMSE generally decreases with the in-
crease of .S, so the value of S is taken as 0.1 * angle.

0.8 T
L—comp
= S \
o
B N\
=
r 0.6 \
- \
0.5
0.04angle 0.08angle 0.12angle 0.16angle 0.20angle
selected atoms (S)

FIGURE 3. The RMSE for different selected atoms.

To demonstrate the benefits of the proposed method, Fig. 4
illustrates the time consumption and RMSE values of the tra-
ditional DCS with OMP (DCS-OMP) and DCS with gOMP
(DCS-gOMP) under different extraction conditions. Fig. 5
shows the time consumption and RMSE values of the method
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incorporating ACA combined with OMP (DCS-ACA-OMP)
and with gOMP (DCS-ACA-gOMP) under different thresholds
of ACA.

The green point in Fig. 4(a) indicates that the total computing
time is 4479.13 s; the RMSE is 0.96; and the number of rows
extracted is 5277 when M /N are taken to be 0.5. The green
dot in Fig. 4(b) indicates that when the RMSE is 0.64, the to-
tal computation time is 1891.73 s, and the number of rows ex-
tracted is 5277, when M /N are taken to be 0.5, where N is the
number of unknowns, and M is the number of randomly se-
lected rows. Moving on to Fig. 5(a), the green point represents
4424.26 s of total time and 3052 rows extracted with an RMSE
of 0.94. Similarly, the green point of Fig. 5(b) indicates that
with 3150 rows extracted, the total time is 1844.09 s, and the
RMSE is 0.52. From this, by comparing Fig. 4(b) and Fig. 5(b),
we can see the advantage of ACA. By examining all four fig-
ures in Fig. 4 and Fig. 5, it is evident that the recovery effect
of gOMP is indeed better than that of OMP, but the combina-
tion of ACA and gOMP clearly yields significantly better re-
sults than just changing the algorithm alone, further illustrating
that the gOMP algorithm is better at leveraging the information
optimization brought by ACA.

As shown in Fig. 5, as the ACA threshold increases, the
number of selected row indices decreases, which speeds up the
solution process but reduces accuracy. Conversely, lowering
the threshold causes ACA to select more rows, which reduces
the RMSE but increases the computational time. To balance
time and RMSE, and based on the content displayed in the four
graphs, the random sampling ratio M /N for DCSis set to 0.5 so
that 5277 rows are extracted. Atthe same time, the threshold for
ACA in DCS-ACA is set to SE-7 during the measurement ma-
trix construction. This resulted in the extraction of 3150 rows,
which took 1844.09 s and had an RMSE of 0.52. Fig. 6 then
compares the RCS obtained using the proposed method and the
conventional method. As can be observed from the figure, the
numerical results obtained using the proposed method are in
good agreement with the MoM results.

4.2. Perfect Electrical Conductor Cylinder

In the second example, monostatic scattering at 900 MHz is an-
alyzed for a cylindrical object with a 0.5-meter radius and 1-
meter height. The object was initially meshed into 16,142 tri-
angular elements, resulting in 24,213 unknowns. It was then
segmented into 12 subdomains, each of which was uniformly
extended in all directions based on A = 0.15\, resulting in
42264 unknowns, and 2395 CBFs were obtained. Set the ran-
dom extraction ratio of DCS to 0.5 so that 12106 rows are ex-
tracted, and the threshold for ACA in DCS-ACA is set to 1E-8.
This resulted in the extraction of 6360 rows. Meanwhile, Fig. 7
shows the RCS results for a cylinder. Obviously, the calculated
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FIGURE 4. The time and RMSE for different extraction steps for DCS. (a) The time and RMSE of different extraction steps for DCS-OMP. (b) The
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FIGURE 6. Monostatic RCS of the cone in horizontal polarization.

result of the proposed method is in excellent agreement with the
MoM.

4.3. Perfect Electrical Conductor Missile

The last example considers the monostatic RCS of a missile at
4.8 GHz. The target is discretized into 52782 triangular surface
elements, generating a total of 79173 unknowns. Moreover,
the target is divided into 26 blocks and expanded in each direc-
tion according to A = 0.15\ on each block; therefore, 114902
unknowns are obtained, and 6835 CBFs were obtained. Fig. 8
depicts the monostatic RCS results for missile in vertical polar-
ization, calculated using MoM, DCS, and the proposed method.

MoM

> DCS-OMP
e DCS-ACA-gOMP

10

g -~
Q
o
B o |
= i
& |

-10 ) ‘ ¥\

! 1 1
20 I I ! I I
0 60 120 180 240 300 360
a(°)(¢=0°)

FIGURE 7. Monostatic RCS of the cylinder in horizontal polarization.
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The figure demonstrates that the RCS results calculated by the
DCS-ACA and the MoM exhibit strong agreement.

Table 2 shows the computation time and RMSE for three dif-
ferent 3D targets using the two methods. It should be noted that
the impedance matrix in the proposed method is partially filled.
In the two methods, “Solving time” refers to the time consumed
by the first least squares solution and the second-step recovery
process using OMP or gOMP. As can be seen from Table 2,
DCS-ACA not only enhances accuracy but also saves more
time cost than DCS. Numerical simulation results demonstrate
that under identical extracting conditions, the proposed method
exhibits significant advantages over conventional techniques,
achieving respective improvements of 45%, 37%, and 44% in
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TABLE 2. Simulation time of different processes.

Number of Extracted Rowindex Sensing matrix  Current solving Total RMSE
Model Method i ) ) .
unknowns TOWS time (s) time (s) time (s) time (s) (dBsm)
Cone 10455 DCS-OMP 5227 - 45.17 84.06+3633.72  4479.13 0.96
DCS-ACA-gOMP 3150 14.83 41.96 52.12+1844.09  1844.09 0.52
. DCS-OMP 12106 - 296.41 358.634-8825.52  12363.8 0.9
Cylinder 24213
DCS-ACA-gOMP 6360 111.93 260.71 209.574-2418.47 5735.63 0.56
. DCS-OMP 39586 - 9820.86 3449.114+69404.2 116790 2.05
Missile 79173
DCS-ACA-gOMP 19418 4091.3 8442.93 1933.714+-54138.6 54138.6 1.13
ACKNOWLEDGEMENT

180
A ()(¢=0°)

240 360

FIGURE 8. Monostatic RCS of the missile in horizontal polarization.

reconstruction accuracy, along with computational time reduc-
tions of 58%, 54%, and 53%. Although a significant portion of
the improvement stems from the gOMP algorithm, the advan-
tages of ACA row indexing are still evident. Moreover, it is
clear that combining with gOMP brings further improvements
compared to combining with OMP.

However, our code is not implemented in an efficient man-
ner compared to commercial solvers like FEKO. This is because
FEKO has undergone extensive optimization, and therefore, a
direct comparison of computational times is not very meaning-
ful. Our method is primarily intended to lay the groundwork
for future research and optimization.

5. CONCLUSION

Aiming at the issues of low efficiency and accuracy in tradi-
tional DCS, this paper proposes a novel DCS technique. First,
the random sampling in the first compression layer is replaced
by ACA row index extraction to construct the measurement
matrix. In addressing monostatic scattering problems, the
integration of the gOMP algorithm with ACA demonstrates
a synergistic enhancement in computational performance.
The ACA preprocessing stage efficiently identifies highly
correlated atomic indices, which are then leveraged by gOMP
through its multi-column residual selection mechanism. This
combined approach ensures approximate orthogonality among
selected atoms, thereby mitigating error propagation and
accelerating the convergence of the support set. Numerical
simulations validate the effectiveness of the novel DCS
framework in addressing electromagnetic scattering problems.
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