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ABSTRACT: To address the challenges in constructing the measurement matrix within the compressive sensing-based method of moments
(CS-MoM) framework, this paper presents a novel dynamic extraction method based on row norm significance for impedance matrix
compression. The proposed method first sorts the impedance matrix rows in descending order according to their row norm importance,
followed by a dynamic extraction process that adapts the extraction density based on row significance. This strategy ensures dense
extraction of high-importance rows to maintain matrix representativeness, while sparse extraction of low-importance rows preserves
global structural coverage. Finally, through the validation of numerical results from three different computational models, it is demon-
strated that the proposed method improves computational accuracy while ensuring computational efficiency compared to the uniform
extraction-based novel CS-MoM method.

1. INTRODUCTION

The method of moments (MoM) [1] is an effective numerical
approach for analyzing electromagnetic scattering from tar-

gets; however, it incurs unacceptable computational costs when
being applied to problems involving electrically large targets.
Consequently, several acceleration algorithms have been pro-
posed, including multilevel fast multipole method [2], high-
level MoM [3], and characteristic basis function method [4–
6]. Unlike these acceleration algorithms, compressive sensing
(CS) [7], an emerging technique for reducing computational
complexity, has been integrated intoMoM, leading to the devel-
opment of the compressive sensing-based method of moments
(CS-MoM) [8]. The core concept of CS-MoM is to transform
the matrix equation into CS computational models, thereby en-
hancing computational efficiency.
CS-MoM includes two computational models. One involves

significantly reducing the number of equations to be solved
by randomly combining incident excitations from different
angles, thus improving computational efficiency for solving
monostatic electromagnetic scattering problems [9–12]. The
other model constructs an underdetermined equation based on
CS theory to solve bistatic electromagnetic scattering prob-
lems [13–16]. This method transforms the full-rank matrix
equation into a lower-dimensional underdetermined system,
thereby significantly reducing both the filling and solution com-
plexities of the matrix equation. This process involves three
main steps: constructing the sparse basis, constructing the mea-
surement matrix, and reconstructing the current coefficients.
Specifically, the underdetermined equation that satisfies the CS
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framework is obtained by performing a sparse transformation
of the induced current on an appropriate sparse basis and con-
structing a suitable measurement matrix. Finally, the current
coefficients are reconstructed using reconstruction algorithms.
When constructing the sparse basis, Krylov subspace basis

functions [15, 17], characteristic basis functions [6, 18], and
characteristic mode basis functions (CMBFs) [16, 19] can be
used as the sparse basis for analyzing three-dimensional (3D)
targets. The construction of CMBFs is independent of the
excitation and benefits from domain decomposition methods,
making them more suitable for analyzing large-scale electri-
cal problems. Another core technology, constructing the mea-
surement matrix, involves left-multiplying with Gaussian ran-
dom matrices [13] or randomly extracting [19] certain rows
of the impedance matrix. This randomness leads to uncer-
tainty in the computational results. To address this issue,
[16] employed uniform extraction to eliminate uncertainties,
thereby obtaining stable results. In addition, by construct-
ing an overdetermined system, this method optimizes the re-
construction algorithm from generalized orthogonal matching
pursuit (gOMP) [19, 20] to the least squares method, thereby
avoiding iterative solving and significantly improving compu-
tational efficiency. This led to the development of the novel
CS-MoM model (NCS-MoM). However, considering the use
of Rao-Wilton-Glisson (RWG) [21] basis functions as testing
functions, each testing function corresponds one-to-one with
the rows of the impedance matrix. Uniform extraction, how-
ever, fails to identify the testing functions that significantly con-
tribute to accuracy. It remains a simple sampling strategy that
does not guarantee the acquisition of an optimal measurement
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matrix. Therefore, a method capable of identifying these test-
ing functions and providing reliable accuracy is essential.
Unlike previous studies, this paper proposes a dynamic ex-

traction strategy. In particular, the rows of the impedance ma-
trix are ranked in descending order according to the importance
of their row norms and then dynamically extracted. The extrac-
tion density is higher where the row importance is greater, and
lower where the row importance is smaller, ensuring that the
matrix is representative, and the global structure is covered.

2. THEORY
The theoretical section primarily consists of three key aspects.
First, the CS-MoM computational model is introduced, out-
lining its three core computational steps: measurement, spar-
sity, and recovery. Second, the theoretical innovations intro-
duced in the sparsity and recovery stages of the novel CS-MoM
model [16] are examined. Finally, the focus shifts to explor-
ing the application advantages and theoretical foundation of the
novel measurement matrix proposed in this paper, which serves
to enhance the CS-MoM model.

2.1. CS-MoM Framework
The MoM based on RWG basis functions solves the surface
integral equation of a 3D target by transforming it into the fol-
lowing matrix equation:

ZI = V (1)

where Z denotes a full-rank impedance matrix of dimension
N ×N , andN represents the number of RWG basis functions,
that is, the number of unknowns. In addition, I represents the
induced current to be solved, and V represents the incident ex-
citation of dimension N × 1.
According to CS theory, the measurement matrix Z̃ is con-

structed by randomly or uniformly extractingM row elements
from the Z matrix, while the corresponding M rows elements
from the V matrix are extracted as the measurement results Ṽ,
thereby satisfying the dimensionality reduction requirements of
the CS-MoM framework. At this point, the matrix equation in
Equation (1) is transformed into an underdetermined equation:

Z̃I = Ṽ (2)

Considering that the induced current I, discretized using
RWG basis functions, is typically not sparse, a sparse trans-
formation is therefore required, as follows:

I = Ψα (3)

where α is the weight coefficient vector, and Ψ is the sparse
basis. Therefore, substituting Equation (3) into Equation (2)
gives:

Z̃I = Z̃Ψα = Θα = Ṽ (4)
where Θ is defined as the sensing matrix of size M × N . At
this point, to ensure that α can be solved with high probability,
the sensing matrix Θ needs to satisfy the restricted isometry
property (RIP) [22] constraint. In this case, it is sufficient to
solve the optimization problem under the l1-norm:

α = argmin ∥α∥l1 s.t Θα = Ṽ (5)

among them, the greedy algorithm is often used to solve Equa-
tion (4), and the classical methods include orthogonal matching
pursuit algorithm [23] and gOMP algorithm [20].

2.2. Sparse Basis and Recovery Algorithm
According to the characteristic mode (CM) theory of perfect
electric conductors (PECs), the 3D target is divided into m
blocks. These blocks are then expanded to ensure current
continuity, allowing for the solution of the generalized eigen-
value equation constructed [24] from the self-impedance ma-
trix Ze

ii (i = 1, 2, · · · ,m) of each block, thereby obtaining the
mode currents:

Xe
iiJei = λiRe

iiJei (6)
where Ze

ii = Re
ii + jXe

ii. Re
ii and Xe

ii represent the matrices
consisting of the real and imaginary parts of the extended self-
impedance Ze

ii for the ith block, respectively. Furthermore, λi

and Jei represent the eigenvalue and their corresponding CM. e
indicates extension. Next, after removing the extended region
values, the mode currents are truncated based on the mode sig-
nificance (MS):

MS =

∣∣∣∣ 1

1 + jλi

∣∣∣∣ (7)

Set a truncation threshold τ , and consider the modes corre-
sponding to eigenvalues satisfying MS > τ as the valid modes.
Let the number of valid modes generated on the ith block be ki,
and these valid modes are then combined as:

Jci =
[
Jci Jci · · · Jci

]
(8)

After solving for the valid modes on all blocks, the sparse
basis JCM is constructed as follows:

I =


Jc1 0 · · · 0
0 Jc2 · · · 0
...

...
. . .

...
0 0 · · · Jcm

α = JCMα (9)

where JCM has dimensions of N × K, with K representing
the total number of valid modes across all blocks. Substituting
Equation (9) into Equation (4) yields:

Z̃I = Z̃JCM
α = Θα = Ṽ (10)

It is worth noting that since the number of columns in the
constructed sparse basis is much smaller than the number of
unknowns N , Equation (10) forms a smaller overdetermined
system. At this point, the least squares method can be used to
replace the traditional greedy algorithm for a fast solution of
the system, avoiding iteration issues and thereby enabling the
reconstruction of the current coefficients:

α =
(
ΘT Ṽ

)
/
(
ΘTΘ

)
(11)

whereΘT is the transpose matrix ofΘ.
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2.3. Measurement Matrix
In the MoM, the impedance matrixZ is constructed by combin-
ing the RWG basis functions with the Galerkin method:

Z=


⟨w1, L (f1)⟩ ⟨w1, L (f2)⟩ · · · ⟨w1, L (fN )⟩
⟨w2, L (f1)⟩ ⟨w2, L (f2)⟩ · · · ⟨w2, L (fN )⟩

...
...

. . .
...

⟨wN , L (f1)⟩ ⟨wN , L (f2)⟩ · · · ⟨wN , L (fN )⟩

 (12)

V=


⟨w1, g⟩
⟨w2, g⟩

...
⟨wN , g⟩

 (13)

where (wm = fm) denotes the test function. L(·) and g repre-
sent linear operator and known excitation source, respectively.
It can be seen that the CS-MoM model can be considered as a
MoM with partial RWG basis function characteristics. Since
different testing functions correspond to different spatial and
current distributions, they contribute differently to the compu-
tational accuracy. As a result, the measurement matrix com-
posed of different rows will lead to different computational out-
comes.
It is evident that the random extraction strategy [19] is in-

adequate for effectively capturing the rows of the impedance
matrix Z that are critical for testing, particularly at low extrac-
tion rates. This approach tends to result in unstable computa-
tional outcomes due to the lack of a structured way to prioritize
the importance of individual rows in the matrix. While ran-
dom extraction provides diversity in the selected rows, it does
not guarantee that the rows with the most relevant information
are included in the measurement matrix, which can negatively
affect the accuracy and stability of the computation.
In contrast, the sequential extractionmethodwith a fixed step

size [16] establishes a unique, deterministic measurement ma-
trix, which can help mitigate the instability inherent in random
extraction. The deterministic nature of this method ensures that
the rows are extracted in a predictable order, potentially re-
ducing variability. However, this method still faces significant
challenges in adequately capturing rows of greater significance.
Since it lacks a mechanism to prioritize more informative rows
based on their contribution to the impedance matrix, the result-
ing measurement matrix might fail to include the most critical
rows, limiting its effectiveness in capturing the full range of
relevant data for precise testing.
To address the limitations of both random and sequential ex-

traction strategies, this paper presents a novel method that con-
structs the measurement matrix based on the importance of the
row norms. By considering the row norms as a measure of
their significance, the proposed method selectively extracts the
rows that contribute more meaningfully to the impedance ma-
trix. This targeted extraction process ensures that the measure-
ment matrix is not only unique and deterministic but also opti-
mized in terms of the representation of important data. Unlike
random extraction, this method prioritizes rows that are more

likely to enhance the overall computational accuracy, thus lead-
ing tomore stable and reliable results. Furthermore, it improves
sequential extraction by incorporating a dynamic strategy that
adapts to the varying importance of rows, overcoming the chal-
lenge of capturing rows with greater significance.
The row norm is an effective indicator for measuring the in-

formation contribution of each row in a matrix. In electromag-
netic field simulations, different test functions correspond to
different spatial and current distributions, with uneven energy
distributions. In the impedance matrix, some rows may con-
tain more information or energy, and the computation of these
rows has a greater impact on the final solution. By calculat-
ing the norm of each row, the influence of these rows on the
computational result can be quantified, thereby suggesting that
rows with higher information content can be selected and uti-
lized in constructing the measurement matrix. Specifically, the
larger the row norm is, the more important the information or
energy is carried by that row in the overall computation. Ex-
tracting these rows helps improve the accuracy and stability of
the model.
For a dense, full-rank impedance matrix Z, the row norm can

directly measure the overall energy of each row. The norm of
each row can be defined as:

Ei = ||Zi||2 =

√√√√ N∑
j=1

|Zij |2 ∀i = {1, · · · , N} (14)

where ||Zi||2 represents the 2-norm of the ith row. At this
point, the index permutation mapping σ : {1, · · · , N} →
{1, · · · , N} is constructed to satisfy:

Eσ(1) ≥ Eσ(1) ≥ · · · ≥ Eσ(N) (15)

Therefore, the ordered index sequence S =
(σ(1), σ(1), · · · , σ(N)) is generated, which arranges the
energy distribution in a monotonically decreasing order.
Next, the impedance matrix Z rows are arranged in descend-

ing order based on the importance of their row norms, and dy-
namic extraction is applied. The core idea of dynamic extrac-
tion is to arrange the rows of the matrix in descending order
based on the importance of their row norms, followed by ap-
plying a decreasing extraction density. Specifically, dense ex-
traction is performed for rows with higher ||Zi||2, while sparse
extraction is applied to rows with lower ||Zi||2. This strategy
ensures the matrix’s representativeness while avoiding infor-
mation loss. The following is the formula for dynamic extrac-
tion:

∆(K) = S0 +K(Sf − S0)/N (16)
where ∆(K) represents the dynamic extraction steps, rounded
up, while S0 and Sf denote the starting and ending extraction
steps, respectively. In addition, the schematic of the dynamic
extraction of the impedance matrix based on row norm impor-
tance is shown in Figure 1. It can be seen that the extraction
process follows a transition from dense to sparse according to
the importance of row norms.
Finally, to clearly demonstrate the extraction process of the

proposed method, Figure 2 illustrates both the extraction strat-
egy and its correction completeness. Specifically, Figure 2(a)
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FIGURE 1. Schematic of dynamic extraction of the impedance matrix based on row norm importance.

(a) (b)

FIGURE 2. The algorithm flow for constructing the measurement matrix of the proposed method. (a) Iterative mapping of row index selection for
the measurement matrix. (b) The extraction correction strategy of the proposed method.

depicts the iterative mapping process used to extract the row
indices for the measurement matrix, while Figure 2(b) shows
the correction process implemented to ensure the completeness
of the extraction during the construction of the measurement
matrix.

3. NUMERICAL RESULTS
Different objects are simulated and analyzed to test the pro-
posed method’s effectiveness. The accuracy was evaluated us-
ing the root mean square error (RMSE) of the radar cross sec-
tion (RCS), which is defined as follows:

RMSE =

√√√√ 1

Na

Na∑
i=1

|RCScal,i − RCSref,i|2 (17)

where RCScal,i is the calculation result of the method used,
RCSref,i the calculation result using MoM, and Na the number
of sampling points.

3.1. Perfect Electrical Conductor Missile
Firstly, the bistatic RCS was investigated for a PEC missile
model with a side length of 1m; the frequency of the inci-
dent plane wave is set to 2GHz; and the observed scattering

angle is (θ, φ) = (0◦–360◦, 0◦), where θ and φ represent the
zenith and azimuth angles, respectively. By utilizing RWG ba-
sis functions, the cube’s surface is discretized into 12728 trian-
gles, leading to 19092 unknowns. Additionally, the target is di-
vided into 8 blocks, with each extended by 0.15 wavelength, re-
sulting in 24569 unknowns. The threshold τ for theMSmethod
is set to 0.001, yielding 1811 CMs.
First, Table 1 presents the correlation coefficients between

the measurement matrix Z̃ and sparse matrix JCM constructed
using the random extraction and uniform extraction strategies,
as well as the proposed method. It is evident that the measure-

FIGURE 3. The time and RMSE for different extraction steps of the
missile model.
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TABLE 1. Correlation coefficients between measurement matrix and sparse basis.

Method Random extraction Uniform extraction Proposed method
Correlation coefficient 0.0041 + 0.1677i 0.1117− 0.0131i 0.0050 + 0.1237i

(a) (b)

FIGURE 4. Common border currents. (a) Current real part. (b) Current imaginary part.

FIGURE 5. Bistatic RCS of the missile in horizontal polarization. FIGURE 6. The time and RMSE for different extraction steps of the
cylinder model.

ment matrix Z̃ constructed using the proposed method exhibits
a weak correlation with the sparse transformation matrix JCM ,
satisfying the RIP [23], which ensures the accurate reconstruc-
tion of the sparse coefficient α.
To validate the advantage of the proposed method over NCS-

MoM in terms of computational accuracy, Figure 3 illustrates
the solution time and RMSE corresponding to two different ex-
traction methods at various extraction steps. The number of
rows for the dynamic extraction step in the proposed method
is consistent with that of uniform extraction. The solution time
includes the matrix equation construction and current recovery.
As shown in Figure 3, the computational times for bothmethods
are similar. Still, the RMSE of the proposed method is consis-
tently lower than that of uniform extraction, indicating higher
computational accuracy. This advantage becomes particularly
pronounced when the extraction step exceeds 6.
To further validate the accuracy of the proposed method,

Figure 4 compares the current results obtained from both the
proposed method and MoM calculations. The currents shown
in the figure are extracted uniformly, with 19092 common
edge currents and a step size of 100. As illustrated in Fig-

ures 4(a) and 4(b), representing the real and imaginary parts,
respectively, the currents recovered using the proposed method
closely match those obtained from MoM calculations. Addi-
tionally, Figure 5 presents the RCS results for both the NCS-
MoM and proposed method, with uniform extraction steps of
5. The proposed method produces horizontally polarized RCS
results for the missile that closely align with the MoM results.

3.2. Perfect Electrical Conductor Cylinder
Secondly, to further demonstrate the benefits of the proposed
method. The bistatic RCS of a PEC cylinder model with a base
radius of 0.5m and a height of 1m is analyzed. The frequency
of the incident wave is set to 900MHz, and the observed scatter-
ing angle is (θ, φ) = (0◦–360◦, 0◦). The target surface is dis-
cretized into 14658 triangles, which produces 21987 unknowns,
and the target is divided into 8 blocks, generating 2316 CMs.
Moreover, each block is expanded in all directions according to
0.15 wavelength, and the number of unknowns after extension
is 31924.
As seen in Figure 6, the proposed method still outperforms

uniform extraction in terms of computational accuracy for the
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FIGURE 7. Bistatic RCS of the cylinder in horizontal polarization. FIGURE 8. Bistatic RCS of the array target in horizontal polarization.

TABLE 2. Simulation time and accuracy.

Model Method Unknown
Construction time of

sparse basis (s)
Recovery induced
current time (s)

Total
time (s)

RMSE
(dBsm)

Missile
NCS-MoM

19092
51.19 2.57 53.76 0.38

Proposed method 51.19 2.86 54.05 0.17

Cylinder
NCS-MoM

21987
78.80 3.16 81.96 0.31

Proposed method 78.80 3.42 82.22 0.18

Array target
NCS-MoM

77976
578.32 91.69 670.01 0.53

Proposed method 578.32 93.51 671.83 0.32

cylinder model. Consistent with the missile model, the advan-
tage becomes more pronounced when the extraction step ex-
ceeds 6. Furthermore, the RCS results of the three methods
are shown in Figure 7, which shows that the proposed method
matches well with the MoM, and the calculation accuracy is
high.

3.3. Perfect Electrical Conductor Array Target
Thirdly, the scattering problem of an array target consisting of
36 PEC objects with two different shapes is analyzed to fur-
ther investigate the proposed method’s effectiveness on large
targets. The frequency of the incident plane wave is set
to 800MHz, and the observed scattering angle is (θ, φ) =
(0◦–360◦, 0◦). Meanwhile, the surface of the array target is
discretized into 51984 triangles using RWG functions, resulting
in 77976 unknowns. The target is then divided into 36 blocks,
generating 6776 CMs. In addition, Figure 8 presents the bistatic
RCS results computed using the three methods, with the uni-
form extraction step set to 5 and the number of rows extracted
by the proposed method remaining consistent. As shown in
Figure 8, the RCS results obtained using the proposed method
closely align with the MoM results.
Finally, Table 2 demonstrates a comparative analysis of com-

putation time and RCS error between NCS-MoM and the pro-
posed method across three different models. It is worth not-
ing that the recovery time of the current includes both matrix
equation construction and current reconstruction steps. Analyz-
ing the table results reveals that the proposed method achieves
improved computational accuracy for all three target types at

only a marginal time cost, achieving respective improvements
of 55.3%, 41.9%, and 39.6% in solution precision.

4. CONCLUSION
This paper presents a novel measurement strategy to enhance
the performance of CS-MoM. By introducing row norm impor-
tance, the rows of the impedance matrix are ranked in descend-
ing order. Dynamic extraction is then employed to perform
dense and sparse extraction, which improves computational ac-
curacy compared to uniform extraction. Experimental simula-
tions are conducted to validate the theoretical feasibility of the
proposed method.
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