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Abstract

In this paper, we present a deep neural network-based approach for computing radar cross section
(RCS) over a wide frequency band and a broad range of incident angles.The proposed network, termed
WBRCS-Net, is designed to converge to the solution of the method of moments (MoM) formula-
tion by minimizing a mean-squared residual loss without explicitly solving the MoM linear system,
thereby avoiding the numerical instabilities commonly encountered in conventional iterative solvers.
Moreover, by using only the frequency and incident angle as inputs, WBRCS-Net enables wideband
RCS prediction over a broad range of incident angles while substantially simplifying the network
architecture. The performance of WBRCS-Net is evaluated on perfectly electrically conducting (PEC)
spheres and cubes and compared with the Maehly approximation based on Chebyshev polynomials.
Experimental results show that, once trained, WBRCS-Net provides accurate and stable wideband RCS
computations over a wide range of incident angles with instantaneous inference speed, highlighting a
key advantage of the neural network-based approach.

Keywords: radar cross section (RCS); method of moments (MoM); wideband; wide incident angle;
neural network approach

1. Introduction

The radar cross section (RCS) is a fundamental metric for radar detection and target identification,
and it is a critical design driver for stealth applications. RCS can be computed from the scattered
electromagnetic fields obtained by solving electromagnetic scattering problems. Owing to its high
accuracy and broad applicability to arbitrarily complex three-dimensional geometries, the method of
moments (MoM) is widely used to compute scattering fields [1]. MoM is a numerical technique based
on surface discretization, in which continuous electromagnetic integral equations are transformed
into a finite-dimensional linear system characterized by an impedance matrix and an excitation vector,
from which the surface current vector is obtained. However, achieving higher accuracy requires finer
surface discretization, which significantly increases the dimension of the impedance matrix.

Consequently, building and solving large linear systems is a major bottleneck in MoM-based
RCS computation [2]. Conventional iterative solvers, such as the Conjugate Gradient (CG) and
Biconjugate Gradient (BiCG) methods, have been widely adopted to accelerate the solution process
[3,4]. Nevertheless, for high-frequency scenarios and electrically large or geometrically complex targets,
the impedance matrix becomes extremely large, leading to high computational complexity and slow or
unstable convergence.

The computational burden is further exacerbated in wideband RCS analysis, where RCS must
be evaluated over a broad frequency range. In such cases, the impedance matrix must be built and
the corresponding linear system solved at each frequency point [2]. To alleviate this cost, various
interpolation techniques have been developed to approximate impedance matrices at intermediate
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frequencies. Quadratic interpolation was introduced in [5], and cubic polynomial interpolation was
later shown to improve accuracy [6].

To further reduce the cost associated with repeatedly solving linear systems, several methods have
been proposed to approximate the MoM solution vector over frequency. The asymptotic waveform
evaluation (AWE) relies on high-order frequency derivatives of the impedance matrix to approximate
the MoM solution vector, and the need to compute and store these derivatives can impose significant
memory overhead [7]. To address this limitation, Chebyshev polynomial approximation methods
have been introduced, which reconstruct the MoM solution vector using samples at Chebyshev nodes
[8,9]. Building on this idea, Maehly approximation, a rational-function method based on Chebyshev
polynomials, has been proposed to further improve approximation accuracy [10] and has since been
widely applied in wideband RCS computation [11-14].

In addition to frequency dependence, RCS also varies with the incident angle. Consequently, wide-
band and wide incident angle RCS analysis requires repeated MoM solutions over a two-dimensional
frequency—angle domain. Each frequency-angle pair corresponds to a distinct MoM linear system,
rendering direct computation prohibitively expensive. To reduce this cost, Maehly approximation has
been extended to a two-dimensional frequency—angle formulation for efficient wideband and wide
incident angle RCS computation [15]. Nevertheless, these interpolation methods necessitate solving
large MoM linear systems at every sampled frequency—angle point, leaving the fundamental challenge
of large-scale linear system solves unresolved.

Recently, neural networks have been explored for solving large-scale linear systems due to their
modeling flexibility and computational efficiency [16-18]. In [19], a neural network directly maps
discretized geometric grid points to the MoM solution vector by minimizing the residual of the
corresponding MoM linear system. While promising, this approach requires a high-capacity network
to represent the extremely high-dimensional input-output mapping and does not inherently support
interpolation with respect to frequency or incident angle, thereby limiting its applicability to wideband
RCS analysis and scenarios involving a broad range of incident angles.

In this paper, we propose WBRCS-Net, an efficient neural-network-based framework for solving
large-scale linear systems arising from the method of moments (MoM), specifically tailored for wide-
band and wide-incident-angle RCS computation. Unlike existing neural-network-based approaches
that learn high-dimensional-to-high-dimensional mappings, WBRCS-Net predicts the MoM solution
vector conditioned solely on the frequency and incident angle by learning a low-dimensional-to-high-
dimensional mapping, which substantially simplifies the network architecture. Specifically, the
network takes two scalar inputs—the frequency and the incident angle—and outputs the correspond-
ing MoM solution vector. This formulation provides intrinsic interpolation capability across both
frequency and incident angle, enabling accurate prediction at intermediate frequency-angle points
without additional MoM solves.

The training time of WBRCS-Net depends on the size of the MoM system and the number of
training points, and may be relatively long. However, once trained, WBRCS-Net computes RCS over a
wide range of incident angles with instantaneous inference speed, highlighting a key advantage of the
neural network-based approach.

To evaluate WBRCS-Net, we conduct monostatic RCS experiments on two perfectly electrically
conducting (PEC) targets: a sphere and a cube. We first demonstrate the convergence behavior of
WBRCS-Net at several representative frequencies. Using these sampled points as training data, we
evaluate the prediction performance of WBRCS-Net over wideband frequencies, in comparison with
the widely used Maehly approximation. The two-dimensional interpolation capability of WBRCS-Net
across frequency and incident angle is illustrated by visualizing the resulting 3D RCS surface. We
further compare the MoM reference solutions and the WBRCS-Net predictions through cross-sectional
slices along fixed-frequency and fixed-angle cuts.
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2. Related Works
2.1. Method of Moments for Surface Current

The method of moments (MoM) [1] is a widely used numerical method for computing the induced
surface current J(r) on a triangulated surface approximating the target object in electromagnetic
scattering problems. The unknown surface current J(r) is represented as a linear combination of
given surface basis functions, {f;(r)} (e.g., Rao-Wilton-Glisson (RWG) functions defined on triangular
meshes with L edges [20]),

L
J(r) = Z quq(r)- (1)
q=1
MoM converts the continuous EFIE into a discretized linear system for the surface current

coefficient vector I, (referred to as the MoM solution vector, or simply the solution vector) at the
incident-field frequency f and incident angle 6,

Z(f)I(f,0) = V(£.0), )
where Z(f) € Ct*L is the impedance matrix and V(f,8) € Cl is the excitation vector given by [21]
. 1 / / / !
Zu(f) = prfio [ |61~ 5V(VIGET) £ (<) dsas, ®
Vi(£,0) = [ ~E™(x,£,0)-£,(r)dS, @

where G(r,v') = exp(—jk|r — ¥'|)/(47t|r — r'|) is the Green’s function, and E™(r, f, 0) is the incident
electric field at frequency f and incident angle 6.

Since these computations involve computationally intensive numerical evaluation of the surface
integrals in (3) and (4), a finer mesh increases the size of the MoM linear system, thereby significantly
increasing the computational cost of building Z( f) and solving (2).

2.2. Maehly Approximation

The RCS at a frequency f is computed using the surface current coefficient vector I(f) that
is obtained from the MoM linear system (2) with respect to f. To compute the RCS over a broad
frequency band, the MoM linear system must be built and solved at many frequency points, which
is computationally expensive. Maehly approximation [22] is the most popular method to alleviate
this burden. The Maehly method accurately interpolates the surface current coefficient vector I(f)
at a given frequency using a rational function of Chebyshev polynomials [23] obtained from the
Chebyshev-Gaussian sampling frequencies [14].

For the given frequency range [f,, f], the Chebyshev-Gauss sampling nodes for Ny sample points
are given as

fi=3 [( }2'571) (o= fo) + o+ )

, i=12,..., Ny (5)

The Maehly method approximates the coefficient vector I( f) with a rational function of Chebyshev
polynomials

AT + A TY) + -+ T
BT (f) + 0T (f) + -+ + BT ()

L(fi) ~ (6)

where f; is the normalized frequency of f;, i.e. f; = cos("j\% 71) , T! is a Chebyshev polynomial of
degree i [23], and {a’, b/} are Maehly coefficients that can be recursively computed [14].

Since the RCS computation depends on both frequency and incident angle, the surface current
coefficient vector can be treated as a bivariate function I(f, ). Following the two-dimensional ap-
proximation approach in [15], each surface current coefficient is approximated over the frequency
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and angular domains with a rational function of bivariate Chebyshev polynomials constructed on
Chebyshev-Gauss sampling nodes:

)

0,00
ag" T, (fZ)T
1,(fi,0,) ~ 1 =
q

)+ T (F) TR 6
by TO (fi) T “

Mf M (T

where éj is the normalized incident angle of 6}, i.e., 9 = cos<] I\? 2 n) with Ny denoting the number

G )
(6)) + 0

of sampled incident angles, and the Maehly coefficients {af; ", bs "1} can be recursively computed [15].

3. Methods
3.1. Architecture of WBRCS-Net

Figure 1 illustrates the WBRCS-Net, which solves the MoM linear system using a neural network
approach. We design the WBRCS-Net to output a solution vector IN¥(f;,0 ;). Since the solution vector
is complex-valued, the number of output nodes is set to twice the dlmensmn of the solution vector.
Odd-numbered output nodes represent the real part of the solution vector, while even-numbered
output nodes represent the imaginary part. We construct the WBRCS-Net using only two residual
blocks and fully connected (FC) layers. It has two input nodes that receive the frequency and incident
angle. The number of nodes in the hidden layers is expanded step-wise from 2, L /4, L, and 2L, where L
is the number of edges in the triangulated object. Hence, the proposed WBRCS-Net has total %Lz + 6L
parameters. The activation function used is the hyperbolic tangent function.

WBRCS-Net
— 9 € {9],92.. .. 791\'9}
N
fi € {fu; faseoo s Iny ¥
—
et O ULLAN SO , Vet Residual
= = - U e (i 6) loss function
Residual
Block
Residual
Block
_
Input Hidden1 Hidden2 Output

) G) @) (2L)

Figure 1. Architecture of WBRCS-Net.

3.2. WBRCS-Net for MoM Solutions

In this section, we present a neural-network-based approach for solving Method of Moments
(MoM) systems using WBRCS-Net. For a given frequency f and incident angle 6, we construct the
impedance matrix Z(f) and the excitation vector V(f,6). The solution of the resulting linear system is
obtained by minimizing the following residual loss via back-propagation:

(i) = £z - viso), ®

where IN¢t € CL denotes the output of WBRCS-Net at the t-th iteration, and L is the dimension of the
MoM linear system.

Since the impedance matrix Z(f) and the excitation vector V(f,#) remain fixed throughout all
iterations, the network input does not encode any physical parameters and can be set to arbitrary
dummy values. Instead, WBRCS-Net learns an iterative update rule that progressively reduces the
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residual of the MoM linear system. In this sense, WBRCS-Net can be interpreted as a learned iterative
solver whose update dynamics are optimized through training.

3.3. Training WBRCS-Net for Wideband Frequency and Wide Range Incident Angle

To extend WBRCS-Net to wideband frequencies and a wide range of incident angles, we con-
struct impedance matrices {Z(f;)} and excitation vectors {V(f;,0;)} over a set of training points
{fi, fa,---, fo} and {64,6,,...,0n,}, where N ¢ and Ny denote the numbers of training frequencies
and incident angles, respectively.

Accordingly, the residual loss in (8) is extended to all training frequency-angle pairs as

NfN

EZHZﬁ )TN (fi,0;) — V(fz-,Gj)Hz- )

i=1j=1

£n) = NngL

With this formulation, the output of WBRCS-Net, IN°t(f;,0 i), explicitly depends on the frequency
and incident angle, enabling the network to learn a continuous mapping from (f,6) to the MoM
solution vector.

In order to accelerate training speed, the first step of back-propagation is performed directly using
the following pre-computed gradient of the loss function, instead of using the automatic optimizer:

oL Ny Ny

W:mel 1]21[ T ZUDT (fi ) = ZU) IV (£1,6)) |
Nf Ny (10)

where Z(f;)H is the conjugate transpose of Z(f;). To avoid computing Z(f;)"Z(f;) and Z( ;)" V(f;, 6;)
for each update, we pre-compute

G(fi) == Z(f)"Z(f) (11)
) :=Z(fi)"V(f;,6)). (12)

This pre-computation method enables neural network training much faster than the conventional
optimizer method.

The training time of WBRCS-Net depends on the number of edges (L) and the number of training
points, and is on the order of minutes in our experiments. In contrast, the prediction (inference)
runtime for an arbitrary test point, specified by frequency and incident angle, is only 10~ seconds to
compute the solution vector, highlighting a key advantage of the neural network-based approach.

3.4. RCS Computation

The RCS computation diagram is shown in Figure 2. Using the trained WBRCS-Net, the surface
current is obtained from (1). Then, the RCS is computed using the surface current [21]. The formula is
as follows:

T f 2

0

o(fi) =

2
/5 P x (J(r') x #)]e K as!| (13)

where f; is a given frequency, ¢y is the speed of light in vacuum, k; = ZCLsz is the wavenumber and
7 is the unit observation vector.

.y ! S .
£.0 | Neural ,| Surface . RCS . RCS
! Network Current Computation

| S — | — —

Figure 2. Diagram of RCS computation.
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4. Experiment Settings
4.1. MoM Configuration

In order to train WBRCS-Net, impedance matrices Z(f;) and excitation vectors V(f;, 6;) were
built at the training sample frequencies using the python-based BEM++ package [24]. The surface
currents were expanded with Rao-Wilton—-Glisson (RWG) basis functions [20] on triangular surface
meshes for perfectly electrically conducting (PEC) objects. The incident wave is a plane wave polarized
along the x-axis, and its propagation direction is defined by k = [sin 6,0, cos 6]. In the frequency-only
setting, the incident angle is set to zero, i.e., = 0 (propagation along the +z-axis), while in the joint
frequency—angle setting, 6 ranges from 0° to 90°. The RCS is evaluated in a monostatic configuration,
where the observation direction is opposite to the propagation direction of the incident wave.

We evaluated two PEC objects: a sphere and a cube. For the sphere, two radii were considered
(8cm and 4cm), and for the cube, two side lengths were considered (3cm and 6cm), resulting in four
experimental cases in total. The corresponding surface meshes are illustrated in Figure 3. The numbers
of edges for the four cases are 1641 (sphere, 3cm), 1884 (sphere, 4cm), 810 (cube, 3cm), and 1788 (cube,
6cm). All cases are evaluated over the frequency range from 2 GHz to 12 GHz.

(a) (b)
Figure 3. Two triangulated PEC objects: (a) Sphere. (b) Cube.

4.2. Data and Training Setting

For the sphere and cube, we consider several different numbers of training frequency samples. We
set the number of training epochs separately for each training frequency-sample setting, increasing the
number of epochs for larger training frequency sets. The training frequencies are uniformly sampled
over the given frequency band. All frequencies are converted to GHz and used as inputs to the neural
network. All incident angles are normalized from the range of 0° to 90° to the range of 0 to 1 and
used as inputs to the neural network. Training is performed in a full-batch setting, where all training
samples are processed simultaneously in each optimization step using the Adam optimizer with a
learning rate of 0.001. All experiments are carried out on an NVIDIA H100 GPU.

5. Experiment Results
5.1. Demonstration of WBRCS-Net for MoM

We conducted experiments to demonstrate the feasibility of the proposed WBRCS-Net for MoM.
The experiment was conducted on a unit sphere, triangulated with L = 714, at a frequency of 100
MHz with the incident angle fixed at # = 0°. During training, the network input was set to a constant
dummy value of 1 for the frequency and 0 for the incident angle.

Figure 4 presents the training loss over epochs, demonstrating stable and consistent convergence.
Figure 5(a,b) visualize the real component of the surface currents obtained from the MoM solution

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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and the WBRCS-Net, respectively. The surface currents predicted by WBRCS-Net closely match the
MoM surface currents. The corresponding RCS values computed from the MoM and WBRCS-Net
surface currents are 4.15204 and 4.150207, respectively, indicating near-identical RCS results. After
5,000 iterations, WBRCS-Net achieves a residual error of approximately 10713 with a runtime of 5.35
seconds on an NVIDIA H100 GPU.

107

) 1000 2000 3000 4000 5000
Epoch

Figure 4. Training loss over epochs.

(a) (b)
Figure 5. Surface currents on unit sphere at 100MHz: (a) MoM. (b) WBRCS-Net.

5.2. Wideband RCS Computation on the Sphere

In Figure 6, we compare the wideband RCS obtained using the Maehly approximation and
WBRCS-Net under different numbers of sampled frequencies. Figures 6(a,b) present the results for
a sphere with a radius of 3cm (L = 1641) when the number of sampled frequencies is Ny = 18 and
N = 30, respectively. The black, blue, and red curves correspond to the RCS computed by MoM,
Maehly, and WBRCS-Net, respectively. For WBRCS-Net, the training runtime is 334.1 seconds for
N = 18 (120,000 epochs) and 579.8 seconds for N = 30 (200,000 epochs), while the inference time
is only 107> seconds per test point. For the 3cm sphere, both methods exhibit good interpolation
performance.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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0.008 MoM 0.008 MoM

—=- WBRCS-Net (Nf =18) ==- WBRCS-Net (N; =30)
0.007 === Maehly approximation (N =18) 0.007 ==+ Maehly approximation (N =30)

0.006 0.006
0.005
0.004
0.003 0.003
0.002

0.002

0.001 0.001

6 8 6 8
Frequency(GHz) Frequency(GHz)

(a) (b)
Figure 6. Monostatic RCS on the sphere (r=3cm) with N ¢ sampled points: (a) N [ =18. (b) N ¢ = 30.

Figure 7 presents an experiment designed to evaluate interpolation performance under a more
rapidly changing RCS response. We increase the sphere radius to 4cm (L = 1884), which yields an RCS
curve with more rapid changes. We consider two training frequency-sample settings, Ny = 18 and
Ny = 30; for WBRCS-Net, the training runtime is 352.9 seconds for Ny = 18 (120,000 epochs) and 609.1
seconds for Ny = 30 (200,000 epochs), while the inference time is only 102 seconds per test point.
When the RCS varies more rapidly, the Maehly approximation exhibits unsatisfactory interpolation
performance even as the number of sampled frequencies increases from Ny = 18 to Ny = 30. In
contrast, WBRCS-Net maintains reliable interpolation performance even with N = 18, and with
Ny = 30, the computed wideband RCS closely matches the MoM reference. WBRCS-Net produces a
smooth and well-behaved wideband response without abrupt spikes, indicating improved robustness
under rapidly varying RCS behavior compared with the Maehly approximation.

0.010 MM
—=- WBRCS-Net (N =30)
«+ Maehly approximation (N; =30)

0010

0.008
0.008

0.006
 0.006
2

RCS

0.004 0.004

— MoM
0002 —=- WBRCS-Net (N =18) 0.002
++  Maehly approximation (N =18)

2 4 6 8 10 12 2 4 6 8 10 12
Frequency(GHz) Frequency(GHz)

(a) (b)
Figure 7. Monostatic RCS on the sphere (r=4cm) with N f sampled points: (a) N r =18. (b) Ny = 30.

To provide a quantitative comparison, Figure 8 reports the mean squared error (MSE) with respect
to the RCS directly computed by MoM, evaluated at the at test frequencies in every 100 MHz. Figure
8(a) summarizes the results for the 3cm sphere by sweeping the number of training frequencies from
9 to 30. In this less rapidly changing case, the MSE gap between the Maehly approximation and
WBRCS-Net remains relatively small, indicating comparable interpolation performance. However, as
shown in Figure 8(b), for the more rapidly changing 4cm sphere, WBRCS-Net achieves lower MSE
than the Maehly approximation for almost all sampling configurations. Overall, these results suggest
that WBRCS-Net provides more accurate and reliable wideband interpolation when the RCS exhibits
more rapid changes with frequency.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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1077 4 —— Maehly approximation —— Maehly approximation
—— WBRCS-Net —— WBRCS-Net

10-8 4

MSE

1072 4

10-104

T T T T T T T T T T
10 15 20 25 30 10 15 20 25 30
N Ne

(a) (b)
Figure 8. MSE for each number of samples: (a) sphere(r = 3cm). (b) sphere(r = 4cm).

5.3. Wideband RCS Computation on the Cube

In Figure 9, we compare the wideband RCS of the cube with an edge length of 3cm (L = 810)
computed using the Maehly approximation and WBRCS-Net. For WBRCS-Net, the training runtime
is 286.2 seconds for Ny = 18 (120,000 epochs) and 488.1 seconds for Ny = 30 (200,000 epochs), while
the inference time is only 10~ seconds per test point. The RCS curve is relatively smooth across
the frequency band, showing a single broad change followed by a gradual increase toward higher
frequencies. When Ny = 18, the Maehly approximation shows a small spike around 12 GHz. When
Ny is increased to 30, both Maehly and WBRCS-Net yield accurate and stable wideband interpolation,
closely following the MoM reference.

— MoM — MoM
—=- WBRCS-Net (N; =18) K ==+ WBRCS-Net (Nf =30)
=+ Maehly approximation (Nf =18) 7 === Maehly approximation (Ns =30)

00175
00150
00125

00100
0

RC:

0.0075

0.0050

0.0025

0.0000

8 6
Frequency(GHz) Frequency(GHz)

(a) (b)
Figure 9. Monostatic RCS on the cube (a = 3cm) with Ny sampled points: (a) Ny = 18. (b) Ny = 30.

In Figure 10, we evaluate a more challenging case by increasing the cube edge length to 6cm
(L = 1788). Compared with the 3cm cube, the wideband RCS curve exhibits more frequent changes
across the frequency band. For WBRCS-Net, the training runtime is 349.3 seconds for Ny = 18 (120,000
epochs) and 599.9 seconds for Ny = 30 (200,000 epochs), while the inference time is only 10> seconds
per test point. In Figure 10(a) with Ny = 18, the Maehly approximation is consistent with the MoM
reference over most of the band. Interestingly, when the number of training frequencies is increased
to Ny = 30 in Figure 10(b), the Maehly result exhibits a slightly local mismatch around 12 GHz. In
contrast, WBRCS-Net remains stable and closely aligned with the MoM reference for both Ny = 18
and Ny = 30, demonstrating accurate and robust wideband interpolation even for an RCS curve with
more frequent variations.
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— MoM — MoM
==+ WBRCS-Net (Nf =18) D ==+ WBRCS-Net (Nf =30)
«+ Maehly approximation (Nf =18) ==+ Maehly approximation (Nf =30)

8
Frequency(GHz) Frequency(GHz)

(a) (b)
Figure 10. Monostatic RCS on the cube (a = 6cm) with Ny sampled points: (a) Ny = 18. (b) Ny = 30.

To provide a quantitative comparison, Figure 11 reports the mean squared error (MSE) relative to
the MoM reference, evaluated at test frequency in every 100 MHz. Figure 11(a) summarizes the results
for the 3cm cube by varying the number of training frequencies from 9 to 30. The MSE difference
between the Maehly approximation and WBRCS-Net remains small across this range, indicating
comparable interpolation fidelity; in some cases, the Maehly approximation even slightly outperforms
WBRCS-Net. Figure 11(b) shows that for the 6cm cube, whose RCS response varies more rapidly with
frequency, WBRCS-Net exhibits comparable MSE at lower sampling counts, while delivering lower
MSE as the number of sampled frequencies increases. Overall, these results indicate that WBRCS-
Net provides more accurate and reliable wideband interpolation when the RCS curve exhibits more
frequent variations across frequency.

—— Maehly approximation 1074 —— Maehly approximation
1077 4 —— WBRCS-Net —— WBRC5-Net

108 4

MSE

1072 4

T T T T T T T T T T
10 15 20 25 30 10 15 20 25 30

(@) (b)
Figure 11. MSE for each number of samples: (a) cube(a = 3cm). (b) cube(a = 6cm).

5.4. Wideband RCS Computation with Incident Angle on the Cube

Following the experimental setup in [15] for joint interpolation over frequency and incident angle,
we consider a PEC cube with an edge length of 0.5cm, triangulated with L = 1464, over a frequency
band of 10-50 GHz and an incident angle range of 6 € [0°,90°]. We construct a training set using
Ny = 21 frequencies and Ny = 21 incident angles, yielding total 441 training points. WBRCS-Net
is trained for 500,000 epochs, with a total training runtime of approximately 52 minutes, while the
inference runtime is 107> seconds per test point. For evaluation, we test on a dense grid with a 100
MHez frequency spacing and a 1° angular spacing, resulting in 401 x 91 test points. Figure 12 illustrates
the predicted frequency—angle RCS as a 3D surface (in dB), providing an overall view of the joint
variation with respect to frequency and incident angle.
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Figure 12. 3D Monostatic RCS on the cube(a = 0.5cm) predicted by WBRCS-Net

To validate the surface prediction against the MoM reference, we take representative one-
dimensional cuts along each axis. Specifically, Figure 13(a) plots the RCS versus frequency at a
fixed incident angle of & = 45°, and Figure 13(b) plots the RCS versus incident angle at a fixed
frequency of f = 30 GHz. In both cuts, WBRCS-Net remains consistent with the MoM response,
indicating accurate and stable interpolation in both frequency and angle. These results demonstrate
that WBRCS-Net enables accurate and stable joint interpolation over frequency and incident angle.
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*++ WBRCS-Net (6 = 45°)
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!
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Figure 13. Monostatic RCS on the cube (a = 0.5cm): (a) Incident angle 6 = 45°. (b) Incident frequency f =30 GHz.

6. Conclusions

In this work, we propose WBRCS-Net, an efficient neural network for solving large-scale linear
systems arising in MoM-based RCS computation. By minimizing the residual error as a loss function,
WBRCS-Net converges to the accurate solution of the underlying linear system. Moreover, by tak-
ing the frequency and incident angle as inputs, WBRCS-Net enables RCS interpolation at arbitrary
frequency—angle points, thereby eliminating the need for repeated impedance matrix construction
and corresponding linear solves. The effectiveness of WBRCS-Net is demonstrated on PEC spheres
and cubes over a wide range of frequencies and incident angles, highlighting both its accuracy and

interpolation capability.
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