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ABSTRACT: This study aims to improve the efficiency of constructing basis functions for solving the electromagnetic scattering problem
of objects using the method of moments combined with compressive sensing and Krylov subspace. To this end, a region decomposition
method based on a clustering algorithm is proposed to accelerate the construction process of Krylov subspace basis functions. First, the
midpoints of the common edges of triangular pairs are used to form a clustered dataset. Then, the initial clustering center is set, and the
processes of clustering center updating and regional decomposition of the constructed dataset are completed iteratively. Finally, each
subdomain is expanded according to the average distance from data points to the clustering center to ensure the continuity of currents.
The numerical computation results show that the proposed method can achieve significant time efficiency.

1. INTRODUCTION

The method of moments (MoM) represents a powerful tech-
nique for solving scattering and radiation problems in the

electromagnetic (EM) field. In recent years, the combination
of the compressed sensing (CS) [1, 2] technique and MoM
method, denoted as CS-MoM method [3, 4], has reduced the
computational complexity of solving the electromagnetic scat-
tering problem significantly [5–7]. The main principle of the
CS-MoM method is to use a part of the impedance matrix
equation from the MoM method to construct an underdeter-
mined system that satisfies the structure of the CS technique
[8–10]. For the sparse basis construction in CS-MoM, mainly
the characteristic basis functions (CBFs) [11–13], character-
istic modes (CMs) [14, 15], and Krylov subspace basis func-
tions (KSBFs) [16] are used. Compared to CBFs and CMs,
KSBFs have the unique advantage of being used for solving
the EM scattering problems in arbitrary dimensions. However,
because of the high computational complexity of the sparse
basis construction, it is difficult to use KSBFs to solve the
scattering problem for objects with comparatively large elec-
trical sizes. In [17], a block-based KSBFs (CS-Krylov-block)
method for constructing a sparse basis was proposed to ac-
celerate the sparse basis generation. In the traditional region
decomposition method, multiple cubes are represented in the
shape of a grid in the resolution space; the object is divided;
and subdomains are generated. However, this can cause dif-
ferent block sizes [18] for irregular computational objects, and
different numbers of unknowns in too-large and too-small re-
gions can reduce the accuracy and efficiency of the calculation.
In addition, this method is a non-adaptive region decomposi-
tion method that requires human participation. Therefore, how
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to perform region decomposition on the computational object
adaptively to speed up the calculation process is one of the im-
portant issues to address in solving the EM problems.
In recent years, the rapid development of machine learning

(ML) [19] has brought a new perspective to computational elec-
tromagnetics, introducing a new research direction in the field
of intelligent electromagnetics. Because of its powerful big
data-driven and computational capabilities, ML has emerged in
the EM field [20, 21], and excellent results have been achieved
in electromagnetic modeling, simulations, and new materials
analysis. This has brought numerous innovative perspectives
to the EM field, which has been developing for more than 100
years. Second, the ML-based clustering algorithms were one
of the first methods used in pattern recognition and data min-
ing tasks. These methods were used to study large databases
in various applications, and clustering algorithms for big data
have received increasing attention.
In this paper, a region decomposition method based on a

combination of the k-means [22] clustering method and the
CS (CS-Krylov-block-k-means) is proposed to accelerate the
KSBF generation process. The k-means clustering method is a
data grouping method that groups all data with the maximum
similarity into clusters, ensuring theminimum similarity of data
between the clusters. This method uses the midpoints of com-
mon edges of triangular pairs in a dissected grid as clustered
data points to form a clustered dataset. A number of points are
randomly selected as the initial iteration points of the k-means
algorithm; the number of initial iteration points is the same
as the number of regions after region decomposition. Then,
the clustering center is continuously updated through iterations
until the end of region decomposition. This avoids the inter-
ference caused by different sizes of regions and improves the
computational efficiency of the KSBF generation process. The
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validity and effectiveness of the proposed method are verified
through theoretical analyses and numerical simulations.
The paper is organised as follows. First, the theoretical prin-

ciples of the proposed method and the comparative literature
are described in Section 1. The computational complexity of
the proposed method is analysed in Section 2, and numerical
validation of the proposed method is carried out in Section 3,
while conclusions are given in Section 4.

2. THEORY

2.1. Traditional CS-Krylov-Block Method
According to the MoM principle, the integral equation can be
converted to an impedance matrix equation as follows:

ZN×N IN×1 = EN×1, (1)

where Z represents the impedance matrix; N is the number of
unknowns; I is the current coefficient to be solved; E is the
excitation vector.
In the CS-Krylov-block theory, the original object is first di-

vided into a number of smaller blocks, whose number is calcu-
lated by p = 0.9N1/3 [23], where p represents the number of
blocks; therefore, (1) can be converted to:


Z11 Z12 · · · Z1p

Z21 Z22 · · · Z2p

...
... · · ·

...
Zp1 Zp2 · · · Zpp




J1
J2
...
Jp

 =


E1

E2

...
Ep

 , (2)

where Zii has a size ofNi×Ni, and Zij (i, j = 1, 2, . . . , p; i ̸=
j) is the self-impedance matrix and mutual impedance matrix,
respectively; Ji andEi denote the current coefficient vector and
excitation vector on a block i, respectively; Ji and Ei have the
same size of Ni × 1, where Ni is the number of unknowns on
block i.
Since blocking leads to discontinuities in the edge currents,

it is necessary to extend a certain distance on each block as a
buffer and then construct the KSBFs on each block respectively,
which can be mathematically expressed by:

Ki,e
kb
(Ze

ii,Ee
ii)=span{V

e
i ,Z

e
iiEe

i , (Ze
ii)

2Ee
i , . . . , (Ze

ii)
kb−1Ee

i }.
(3)

where e is the extension symbol, and then a set of orthogonal
bases is generated using the partial orthogonal method to obtain
Qi as follows:

Qi =
[
J1i J2i · · · Jkb

i

]
. (4)

AKSBF JKSPi is constructed on each block i respectively, and
the sparse basis matrix formed after its construction is defined
as follows:

JKSP =


JKSP1 0 · · · 0
0 JKSP2 · · · 0
...

...
. . .

...
0 0 · · · JKSPp

 , (5)

Therefore, the current can be expressed as I = JKSPα, where
the dimension of α is kb×1, and kb is the number of basis func-
tions after blocking; α can be obtained by the one-time least-
square.
The cube-based block generation process in the KSBFs in-

volves placingmultiple grid-shaped cubes in a resolution space.
An object is divided according to each cube to generate subdo-
mains. For irregular objects, the divided subdomains are not
uniform, which can prolong the calculation time of matrix op-
erations required to form the KSBFs. To address the mentioned
problems, the k-means algorithm is used in this paper.

2.2. Proposed Method
The k-means is a clustering algorithm for large-scale datasets
which divides a dataset into p clusters such that each data point
belongs to the nearest cluster, and the cluster’s center denotes
the average of all data points in the cluster.
Dividing the given N data (X1, X2, . . . , XN ) into p groups

(S1, S2, . . . , Sp) and satisfying p ≤ N , it is essentially group-
ing the data to minimize equation (6):

arg
S

min
p∑

i=1

∑
X∈Si

∥ X − µi ∥2, (6)

The main principle of the proposed method is to use the mid-
points of the common edges of triangle pairs as clustering data
points and constitute a clustering dataset; the number of blocks
is calculated using themethod introduced in [23]. The proposed
method randomly selects points with the same number of blocks
as the initial iteration points of the k-means clustering method
and updates the clustering center through iterations to complete
the region decomposition.
As shown in Figs. 1(a) and 1(b), the region decomposition

of a cone sphere with a gap is performed using the two meth-
ods. The histogram of the number of unknowns on each block
after region decomposition of the cube-based method and the k-
means clustering-based method is plotted in Fig. 2. As shown
in Fig. 2, the number of unknowns in the decomposed region
of the proposed method is more uniform than the traditional re-
gion decomposition method. The calculation times of the two
methods for the same number of blocks are presented in Table 1.
Note that the calculation time here refers to the time needed to
complete the region decomposition, where it can be seen that
for the same irregular object, the proposed method is more ad-
vantageous than the traditional one, regardless of the number
of blocks.
Further, the subdomain needs to be extended to ensure the

continuity of the edge currents after the region decomposition.
This extension is based on the average distance from the clus-
tered data points to the cluster center in the subdomain, as
shown in Fig. 3.

3. COMPLEXITY ANALYSIS
The main innovation of this study refers to the application of
the clustering algorithm to the region decomposition process
to obtain a more uniform sub-region. The computational com-
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FIGURE 1. Configuration of the block generation for the cone sphere with a gap. (a) k-means clustering-based method. (b) Cube-based method.
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FIGURE 2. Mesh distribution histogram of the cut cone sphere with a gap. FIGURE 3. Illustration of the k-means-based clustering block ex-
pansion.

TABLE 1. The simulating time and error.

Blocks 10 14 18 22 26 30

Calculation time (s) k-means clustering-based 6.6 8.1 9.8 11.1 12.4 14.4
Cube-based 10.8 11.7 12.7 14.1 15.7 18.1

Errors (%) k-means clustering-based 1.5 1.5 1.6 1.7 1.6 1.8
Cube-based 1.6 1.6 1.7 1.8 1.9 2.2

plexity of the traditional region decomposition method and the
proposed method in filling the impedance matrix and recon-
structing the current coefficient is the same. Therefore, there
is only a necessity to analyze the computational complexity of
the two methods in constructing the basis functions. In the re-
gional decomposition process of an object, having a total of N
unknowns, the object is divided into p blocks. The computa-
tional complexity of each block isO((N/p)2), and the compu-
tational complexity of a block i is O(N2

i ); thus, the total com-
putational complexity is O(

∑
(N2

1 +N2
2 + . . .+N2

p )). The
minimum value of O(

∑
(N2

1 +N2
2 + . . .+N2

p )) must meet
the condition of N1 = N2 = . . . = Np. Based on the above
situation, as shown in Fig. 2, the proposed method is more
uniformly blocked than CS-Krylov-block, which satisfies the
condition of N1 ≈ N2 ≈ . . . ≈ Np. In summary, the pro-
posed method has lower computational complexity than the tra-
ditional region decomposition in terms of constructing the basis
functions. Therefore, the proposed method can significantly re-
duce the calculation time compared to the traditional methods.

4. NUMERICAL RESULTS
Several numerical simulations were performed to compare the
proposed method with the CS-Krylov-block and MoM meth-
ods. The relative error in the radar cross section (RCS) was
used to compare the accuracy of the methods, and it was calcu-
lated by:

Err = (∥σCS − σMoM∥2/∥σMoM∥2)× 100%, (7)

where σCS and σMoM denote the results calculated by the pro-
posed method and traditional MoM, respectively.

4.1. Perfect Electrical Conductor Cone Sphere with Gap
First, a cone sphere with a gap consisting of a cone, a cylin-
der, and a hemisphere was constructed and irradiated by a plane
wave with a frequency of 2.7GHz; 8,505 unknowns were ob-
tained by discretizing the Rao-Wilton-Glisson basis functions.
According to p = 0.9N1/3, the cone sphere with a gap was
divided into 18 blocks, and the number of KSBFs on each
block was set to 150; thus, the total number of KSBFs was
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FIGURE 4. Calculation time and RCS error against extended size.
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FIGURE 5. Comparison chart of different expansion methods.
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FIGURE 6. Time comparison with different unknowns.
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FIGURE 7. Bistatic RCS of cone sphere with gap in horizontal polariza-
tion.

2,700. Moreover, the number of newly generated vectors and
the number of partially generated vectors from earlier periods
were set to 100 and 30, respectively; this was similar to the
quasi-generalized minimum residual (QGMRES)] [24] for the
two methods.
To analyze the impact of buffers on calculation accuracy and

efficiency, this study uses different sizes of extension steps in
the proposed method, and the calculation time and accuracy at
the corresponding expansion step size are recorded. The expan-
sion in the proposed method was based on the average distance
of the clustered data points in each class to the cluster’s center,
as shown in Fig. 3. The comparison results of the three methods
regarding the RCS error and calculation time for different ex-
pansion steps are shown in Fig. 4. The calculation time denoted
the sum of the blocking time and the time required to generate
KSBFs. As presented in Fig. 4, the calculation accuracy and
time increased with the buffer size. To balance the calculation
efficiency and time, the expansion step size was set to 0.35λ,
where λ denotes the incident wave’s wavelength.
After determining the expansion step, in order to illustrate the

choice of the proposed method in the expansion method, two
different expansion methods are numerically verified in this pa-
per. One is to expand according to the maximum distance from
the cluster data points to the cluster centre, and the other is to
expand according to the average distance from the cluster data
points to the cluster centre. After comparison, the difference
between the two methods in the total computation time is only

0.3 s, and the latter’s computational accuracy is higher, so the
latter is chosen as the expansion method, as shown in Fig. 5.
To further investigate the effectiveness of the proposed

method, the calculation times of CS-Krylov-block and CS-
Krylov-block-k-means methods were counted respectively for
different incident wave frequencies, and comparison results
are shown in Fig. 6. The results indicated that the frequency
increased, which meant that the cone sphere with the gap had
larger electrical dimensions and more unknowns. As shown
in Fig. 6, with the increase in the number of unknowns, the
calculation time of the CS-Krylov-block-k-means method
increased slower, and the calculation efficiency was much
better than that of the CS-Krylov-block method. Finally, the
proposed method could achieve high calculation accuracy, as
shown in Fig. 7.

4.2. Perfect Electrical Conductor Missile

To verify the effectiveness of the proposed method for com-
plex geometries, the bistatic RCS of a perfect electrical con-
ductor missile was calculated using the three methods. The
incident wave frequency was set to 3.8GHz, and the surface
of the missile was dissected into 66,998 triangular surface el-
ements, resulting in 100,497 unknowns. The missile was di-
vided into 42 blocks, each of which was extended by 0.35λ.
The computational order of the Krylov subspace on each block
was set to 150; the number of computational vectors generated
most recently and the number of partial basis vectors gener-
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TABLE 2. The simulating time.

Model Method
Filling
time
(s)

Generating basis
functions time

(s)

Solving
time
(s)

Blocking
time
(s)

Total
time
(s)

Cone sphere with gap CS-Krylov-block-k-means 35.2 9.3 2.7 9.8 57
CS-Krylov-block 35.2 17.2 3.5 12.7 68.6

Missile CS-Krylov-block-k-means 611.6 112.4 623.6 49.6 1397.2
CS-Krylov-block 611.6 378.8 649.2 66.3 1705.9

0 60 120 180 240 300 360
-45

-30

-15

0

15

30

45

R
C

S
 (

d
B

sm
)

Scattering angle (deg)

 

 

 

CS-Krylov-block

CS-Krylov-block-k-means

MoM

FIGURE 8. Bistatic RCS of missile in horizontal polarization.

ated earlier by the two methods were set to 100 and 80, re-
spectively. As shown in Fig. 8, the calculation accuracy of the
CS-Krylov-block-k-means method was within the usable range
and matched well with those of the MoM and CS-Krylov-block
methods.
The calculation times in Figs. 7 and 8 are counted in Table 2,

which indicates that the generating basis function time of the
CS-Krylov-block-k-meanswas significantly reduced compared
to the CS-Krylov-block by 45.9% and 70.3%, respectively, and
the total time efficiency improved by 16.91% and 18.1%, re-
spectively.

5. CONCLUSION
In this paper, a clustering algorithm for optimizing the tradi-
tional region decomposition is proposed. It is shown that the
combination of the clustering algorithm and Krylov subspace
can improve the calculation efficiency of the CS-Krylov-block
method. The proposed method uses the ability of the k-means
clustering algorithm to generate highly uniform regions adap-
tively while effectively avoiding common drawbacks, such as
the high consumption of memory resources and reduction in the
calculation efficiency caused by the non-uniformity of conven-
tional region decomposition. In addition, to attenuate the cur-
rent discontinuity caused by blocking, the proposed method ex-
tends each region as a buffer according to the average distance
from the clustered data points to the cluster’s center, which
improves the calculation efficiency. The results of theoreti-
cal analyses and numerical simulations show that the proposed
method can effectively reduce the time needed to solve the
bistatic scattering problem compared to the conventional CS-
Krylov-block method.
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