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Abstract

Electromagnetic fields are commonly controlled through geometric design, but existing
approaches often lack efficient and differentiable modeling tools for complex shapes. Here we
introduce Electromagnetic Sculptor, a differentiable geometric optimization framework for
manipulating electromagnetic fields on arbitrarily meshed structures. The framework combines a
numerical electromagnetic model based on shooting and bouncing rays with a gradient-based
geometric optimizer that stabilizes mesh deformation through spatial filtering. To avoid excessive
shape distortion during optimization, a shape-preserving regularization strategy is incorporated.
The method is demonstrated using radar cross section reduction as a representative application.
Numerical and experimental results show pronounced field suppression at both single frequencies
and across a broadband range, while maintaining geometric smoothness and manufacturability.
The framework enables fast optimization for models containing thousands of vertices, with
simulated results consistent with experimental measurements. These results illustrate how
differentiable computation can be integrated with physically grounded electromagnetic modeling

and practical design constraints.

Introduction

Just as a sculptor carves raw material into a desired shape based on a reference image—a process



demanding exceptional skill and precision—electromagnetic engineers face a similar challenge:
designing scatterers or devices to mold electromagnetic wave energy into predefined patterns. This
class of problems, termed geometry optimization, is pivotal in modern electromagnetic
engineering and has a wide range of applications, including microwave device optimization!~,
stealth design*®, and electromagnetic imaging®’. In modern wireless communications, geometry
optimization is also indispensable: while forward channel modeling and performance optimization
have been extensively studied™®, the geometric configuration of scatterers ultimately determines
channel quality. However, solving electromagnetic geometry optimization problems remains
challenging due to the immense variability of object shapes and the highly nonlinear nature of
electromagnetic field governing equations’. On the one hand, it is difficult to derive concise and
general design theories that are directly applicable to complex geometries. On the other hand,
achieving sufficient modeling generality often requires a large number of design parameters, which
readily leads to the curse of dimensionality. As a result, despite over a century of advances in
electromagnetic field theory, there is still a lack of direct and powerful theoretical tools for
systematic geometric optimization, making numerical optimization techniques an inevitable
choice in practice. In this context, developing efficient and reliable geometric optimization
frameworks is essential to bridge the gap between theoretical design and engineering
implementation.

Heuristic optimization methods have been widely adopted to address complex
electromagnetic geometry optimization problems by mimicking collective or evolutionary
behaviors in nature, such as genetic algorithms®, particle swarm optimization'®, and grey wolf
optimizer!!. Owing to their strong global search capability, these methods are well suited for

nonlinear and non-convex problems and have been successfully applied to inverse scattering!>13,

1415 " and topology optimization!®'®. Despite these successes, heuristic methods

stealth design
suffer from inherent limitations in practical electromagnetic applications. Their reliance on
repeated fitness evaluations results in high computational cost!>!*2! while surrogate modeling

strategies only partially alleviate this burden'>'°-2!. Moreover, the stochastic nature of heuristic



algorithms and their dependence on empirical parameter tuning lead to instability in convergence
behavior and solution quality®?. As a result, existing studies are typically limited to problems with
a few hundred design parameters'>"'®. Although such methods may be adequate for simple two-
dimensional (2D) cases, they struggle to scale to complex three-dimensional (3D) geometries with
fine geometric variations. These limitations significantly restrict the applicability of heuristic
optimization methods in modern electromagnetic system design, particularly for high-dimensional
and high-precision geometric optimization tasks.

In recent years, advances in artificial intelligence (Al) have introduced new opportunities to
alleviate the computational bottlenecks of traditional geometric optimization methods.
Consequently, intelligent geometric optimization has emerged, encompassing surrogate model
optimization, generative optimization, and reinforcement learning—based approaches. Intelligent
surrogate model optimization accelerates geometric optimization by replacing expensive
electromagnetic simulations with learned approximations. Compared with traditional surrogate
models!>!>1921 " deep learning—based surrogates exhibit stronger nonlinear modeling capability
and have been successfully applied to antenna and metamaterial design®*2°. However, both
traditional and intelligent surrogate models still suffer from limited generalization performance.
Generative intelligent optimization attempts to bypass iterative optimization by directly

synthesizing geometries from design objectives®?’ %

, achieving high efficiency and even sub-
second response time?®. Nevertheless, this approach typically requires large amounts of high-
quality simulation data, resulting in high training cost, and remains challenged by convergence
and model complexity issues despite recent efforts incorporating physical constraints®®3!,
Reinforcement learning—based optimization has also been explored for high-dimensional

geometric optimization problems®>>*

, demonstrating improved efficiency over heuristic
methods** >4, but still facing challenges in search efficiency and convergence stability. Overall,
although Al-based methods provide promising alternatives for geometric optimization, their data-

driven nature conflicts with the limited availability of electromagnetic data. Moreover, most

existing Al frameworks are developed for image-based tasks and are effective primarily for two-



dimensional structures, while their applicability to complex three-dimensional geometries remains
insufficient. These limitations continue to hinder the practical deployment of intelligent geometric
optimization in modern electromagnetic engineering.

Gradient descent—based optimization provides a third alternative for addressing complex
geometric optimization problems involving high-dimensional, nonlinear, and small-sample
scenarios. Compared with gradient-free methods such as heuristic optimization, gradient descent
can exploit local sensitivity information to guide the optimization direction and avoid blind search
and redundant evaluations. Unlike data-driven intelligent optimization methods, gradient descent
does not require large-scale training data, making it particularly suitable for small-sample and

stochastic electromagnetic optimization problems. As a result, gradient-based approaches have

35,36 37,38

achieved notable success in a wide range of applications, including waveguides°°, antennas’’°,

metamaterials'~°

, and low-scattering structures*>. The key challenge of gradient-based
optimization lies in efficient and accurate gradient computation. Early studies primarily relied on
finite-difference methods*’, whose computational cost scales poorly with increasing parameter
dimension. This limitation has been largely addressed by the adjoint method, which enables
gradient evaluation for all parameters using only one forward and one adjoint simulation'*3637,
thereby supporting high-dimensional free-form optimization. More recently, advances in
automatic differentiation, driven by modern AI frameworks such as TensorFlow*! and PyTorch*?,
have further reduced the complexity of gradient computation and facilitated the emergence of
differentiable electromagnetics”**. Despite these advances, gradient descent methods still face
critical challenges in practical electromagnetic optimization. Large variations in parameter
sensitivity can lead to optimization instability and excessive geometric distortion®, while repeated
full-wave simulations impose prohibitive computational costs in three-dimensional scenarios'.
Moreover, the greedy nature of gradient-based strategies makes them susceptible to local minima*®
and saddle-point stagnation*’. These limitations indicate that further algorithmic and

computational innovations are required to fully exploit the potential of gradient descent for large-

scale electromagnetic geometric optimization.



To address the geometric optimization of three-dimensional perfectly electric conducting
(PEC) objects, we propose Electromagnetic Sculptor, a differentiable geometric optimization
framework for electromagnetic field manipulation. Built upon mesh-based representations, the
framework exhibits excellent scalability and supports arbitrary 3D geometries with thousands of
degrees of freedom, overcoming the limitations of traditional parametric models.

To tackle key challenges in conventional differentiable electromagnetic optimization—
namely optimization oscillation, premature stagnation, and the high computational cost of full-
wave simulations—Electromagnetic Sculptor introduces three core innovations. First, the shooting
and bouncing ray (SBR) method*®, combined with physical optics (PO)*?, is adopted to replace
full-wave solvers, enabling efficient and differentiable high-frequency electromagnetic simulation
that naturally aligns with polygonal meshes. Second, a spatially filtered geometric optimizer based
on Fibonacci lattices is proposed to stabilize gradient-based optimization by diffusing local
sensitivity information across neighboring surface regions, thereby preventing excessive
geometric distortion and improving convergence robustness™**>°. Third, the framework is
validated through radar cross-section (RCS) optimization and compact range experiments. By
incorporating shape-preserving constraints inspired by optical design®!, the optimization maintains
global contour consistency while allowing localized geometric adaptation, ensuring
manufacturability. Beyond performance validation, we further investigate the practical
applicability boundary of the proposed optimization by analyzing the relationship between angular
sampling density and optimization consistency. The results indicate that stable and consistent RCS
reduction requires the sampling strategy to be compatible with the intrinsic spatial-frequency
characteristics of the target’s scattering response. Experimental results demonstrate that the
proposed framework achieves approximately 6 dBsm broadband RCS reduction over the
frequency range from 1 to 4 GHz. By integrating these designs and analyses, Electromagnetic
Sculptor provides an efficient and physically grounded solution for large-scale electromagnetic

geometric optimization, with strong potential for accelerating practical electromagnetic system

design.



Methods

This section describes the methods used in this study. A large language model was also used solely
to improve the clarity and grammar of the manuscript; all scientific content and interpretations

were developed, reviewed and verified by the authors.

Problem Statement

The electromagnetic shape optimization problem is a typical optimization problem aimed at
manipulating the electromagnetic scattering energy of a target object through shape design. To
simplify the problem complexity, our study focuses only on the PEC objects with plane wave
excitation under far-field conditions. Assume that the object surface to be optimized can be
represented as a 2D manifold, denoted by M. According to the electric field integral equation, the
electric field intensity at any point in the external space of the object under the excitation of E™

is expressed as:
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where w refers to the angular frequency, u refers to the magnetic permeability, & refers to the
wave number, r refers to the field point, r' refers to the source point, ] refers to the induced
current, and dS' refers to the differential area element on the manifold M. The integral term in
the righthand side of (1) represents the scattering field, which can be approximated under the far-

field condition:
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In electromagnetic geometry optimization problems, the objective is typically to optimize the
scatterer geometry so that the scattered energy approximates to the desired target energy as closely
as possible. Assuming that the test function at the receiving end is &(r)=ad(r) (where &(r) is
the Dirac delta function), this test function essentially reflects a specific polarization selection.

Under this definition of the test function &(r), the scattered energy can be expressed as



o**=[§(r)-E*(r)]?>. By defining the desired scattered energy as o', we can formulate the

electromagnetic geometry optimization problem as:
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where Af2.. refers to the reception range, Af2,,,s refers to the transmission range, B refers to
the operating bandwidth, k¢ refers to the scattering direction and k™ refers to the incidence
direction. Here, we adopt a normalization factor to eliminate the influence of the integral domain
size. Notably, when the desired scattering energy is set to zero, equation (3) describes an RCS

optimization problem, which is the primary scenario we will examine in subsequent experiments.

Optimization Framework

Clearly, solving the geometry optimization problem is quite challenging, and it is nearly impossible
to find the optimal manifold M. Typically, a quasi-optimal solution is sought as an alternative.
Before solving the problem, we discretize the manifold M into a triangular mesh (V, £) for
computational convenience, where I represents the set of vertices and £ represents the set of

edges.
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Fig. 1 The Electromagnetic Sculptor framework. This computational framework alternates between two core
operations: a primal update conducting electromagnetic simulation (forward modeling and backward gradient
computation) followed by filtered gradient descent optimization, and a regularization update enforcing geometric
constraints through shape-preserving deformation.

We present a schematic diagram of the optimization framework in Fig. 1. Initially, we use a
differentiable SBR simulator to compute the scattering energy of the object to be optimized. Next,
we apply the backpropagation mechanism to calculate the derivatives of the loss function with
respect to the vertices, and use a spatial filtering-based gradient descent optimizer to modify the
vertex positions, yielding a new shape. After that, we perform a regularization step on the object’s
shape, interpolating the newly optimized shape with the initial shape to achieve the desired one.

We repeat these processes until we get a satisfactory optimization result.

Differentiable SBR Method
Here, we construct a differentiable electromagnetic simulator based on the SBR method. Though

the SBR method is widely used in electromagnetic analysis, it faces a fundamental limitation



stemming from the zero-volume nature of ray geometry: the probability of a ray path precisely
intersecting any discrete receiver point is theoretically zero (unless the receiver happens to lie
exactly on the propagation path). This results in null-field conditions that prevent the gradient
backpropagation in the computational graph. While forward ray tracing followed by receiver-point
position refinement may help, this solution inherently suffers from two critical drawbacks: they
cannot fundamentally resolve the discrete sampling nature of ray methods, while simultaneously
introduce substantial additional computational overhead. We introduce a PO approximation at the
final scattering interaction®. This approach establishes a continuous far-field scattering model that
enables electromagnetic field to query along arbitrary spatial directions, effectively overcoming
the path discontinuity issues while endowing the SBR methodology with full differentiability.

According to the theory of PO approximation, the final scattered field can be written as:
S%R=-% f Sm[ZﬁxHi“C(r'; V, )Xk xkse®rds (4)

where S represents the mesh region illuminated by electromagnetic waves, H"® represents the
direct and indirect incident magnetic field. Equation (4) provides the mathematical formulation of
the SBR method, which indicates that the spatial scattered field is generated by the combined
effects of direct and indirect electromagnetic excitation. The indirect excitation arises from
electromagnetic scattering within the object and is closely related to the shape of object.

For practical implementation in electromagnetic simulations, Equation (4) must firstly be
discretized into a computationally solvable form. Through mathematical derivation (see

Supplementary Notes 1), we obtain its approximate expression under the far-field conditions:

e ()
SBR='Wz{[(ZTl/Xh/)XkSC]XkSC} Uvsine |=————

sinc _(ki/nc'ksc)'vl
2

e (kdrkp) (5)

where N represents the total number of hit rays, (-); represents the index of a hit ray, h
represents the polarization direction, d represents the accumulated propagation distance, p
represents the hit point, and u,v are used to form the silhouette of a ray tube. From Equation (5),

we can find that ESp is determined by parameters ﬁ,ﬁ,ﬁinc,u,v,d,p. In fact, these parameters can



be computed from the vertex and edge set (V, E), which means Eggg can be viewed as a function
of mesh (V] E). Therefore, we establish a complete mapping from the vertex set V' to the scattered
field ESgg, and further to the geometric optimization loss function Z, enabling the derivation of

the gradient expression VL via the chain rule:
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The bouncing process causes a dependency between the ray’s current and previous states, which
makes the expansion of Equation (6) too complex to be computed directly. To address this issue,
we develop a differentiable SBR simulation framework leveraging GPU parallel computing and
PyTorch’s automatic differentiation tools. The Electromagnetic Simulation module in Fig. 1
illustrates the proposed differentiable SBR framework, which consists of two main components: a
CUDA kernel function and a PyTorch programs. Firstly, we perform GPU parallel ray tracing to
obtain topological information about the regions hit by the rays, including the face indices and the
vertex indices corresponding to each triangle. Next, the topological information is passed to the
PyTorch program for scattering field calculations. During execution, PyTorch maintains a
computation graph for the scattering field, which stores the dependencies between the vertices and
other wvariables, ultimately enabling fast and accurate gradient computation through
backpropagation.

While the preceding discussions are primarily focused on PEC structures, our method can be
effectively extended to more general scenarios such as dielectric objects and dielectric- coated
PEC structures. For detailed derivations and implementation specifics, we refer readers to the

Supplementary Notes 2.

Spatial Filtering-Based Geometry Optimizer

Although the gradient descent has demonstrated broad utility in optimization tasks, its naive
application to polygonal mesh deformation is fundamentally limited: severe shape distortion was
found in prior work>*>*°, which was rooted in both geometric and electromagnetic constraints.

Geometrically, the method’s greedy vertex-wise updates lack mechanisms to preserve the global



shape coherence, inevitably producing self-intersecting or topologically invalid configurations that
corrupt the mesh integrity. While restricting updates to a subset of vertices might temporarily
alleviate the distortion, such constraints nullify the core advantage of the gradient-based
optimization: its ability to leverage full geometric freedom. On the other hand, the inherent spatial
volatility of electromagnetic fields generates conflicting sensitivity gradients across the surface,
where the unmodified gradient descent amplifies these disparities into physical implausibilities
like creases and folds. These artifacts not only destabilize the optimization but degrade the fidelity
of subsequent field simulations, creating a pathological feedback loop that traps the process in
shallow local minima.

These challenges fundamentally stem from uncoordinated vertex updates leading to overly
aggressive geometric deformations. To address this, we propose a spatial filtering-based geometric
optimizer whose core innovation lies in intelligent gradient field diffusion to achieve coordinated
vertex deformation. As illustrated in the Gradient Filtering module in Fig. 1, we apply an
anisotropic spatial filter to vertex gradient field, enabling adaptive propagation of local gradient
information to neighboring regions. This approach maintains the geometric features while ensures
the overall morphological stability. Unlike the conventional Laplacian filters* that cause excessive
smoothing, we employ the anisotropic filtering template™, which achieves optimal balance
between the high-frequency oscillation suppression and the geometric detail preservation through

its direction-dependent weight allocation mechanism. The filtered gradient F(V L) is shown as:
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where N, represents the vertex normal matrix, §; represents the i-th direction among N

sampling directions, L represents Laplacian matrix, 1 represents an all-ones matrix, gy, oy, 44

are hyper-parameters.
The filtering operation described in Equation (7) involves a directional sampling process,

where a set of uniformly distributed directions are sampled from a unit sphere to compute the



spatial weights for each vertex. This ensures that smoothing primarily occurs in the regions sharing
similar normal vectors. Following the prior work>®, Sobol sequences were initially employed to
achieve the uniform sampling on the unit sphere. However, our empirical observations reveal that
this stochastic sampling approach leads to instability in the optimizer performance, producing
inconsistent and erratic results. We note that while the Sobol sequences tend to generate equidistant
points on the spherical surface, their inherent randomness introduces undesirable variance during
optimization. To address this, we propose to replace the random sampling with the Fibonacci
spherical lattice points, which provide deterministic and stable spatial distribution. The

construction method for these Fibonacci lattice points is given by:

27
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where 8f refers to the i-th sample of M Fibonacci lattice points.

49,53

Ultimately, integrating the spatial filtering operation into UniformAdam yields a stable

and effective geometric optimizer:
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where 7 represents the learning rate, m;, m, are first- and second-order momentum, and £, 5

are two hyper-parameters.

Shape-Preserving Regularization

To validate the effectiveness of Electromagnetic Sculptor, we conduct an RCS optimization
experiment. For practical model fabrication and testing purposes, we further propose a shape-
preserving regularization constraint based on the assumption that the object’s geometry should
maintain structural stability throughout the optimization process, as the optimized shape is
typically required to retain essential geometric fidelity to the original design. Drawing on the

research from computer graphics, we introduce as-rigid-as-possible (ARAP) regularization



technique to limit the vertex movements®'. As a result, the final optimization output retains both
low-scattering characteristics and shape preservation properties.

The optimization problem with the added regularization term can be rewritten as:
V'=argmin gy (V E) + 4L E(V, I, E), (10)
where £y represents the average electromagnetic scattered energy, Asdenotes a regularization

parameter, £; represents the shape-preserving regularization energy, and f) represents the initial

vertex set. Then, we define the term £ by
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where T represents the set of mesh elements, including rims and spokes®! and faces, wj;

54

represents the cotangent weight of edge e;”", R4€SO(3) represents the undetermined rotation

matrix of element 7;, A, represents a positive regularization parameter, ag, represents the
element area, and finally, fi; represents the unit normal vector of element 7. Notably,
rims/spokes and faces exhibit distinct impacts on the optimization process. Specifically, in rim-
and-spoke structures, the higher density of overlapping vertices induces more pronounced
deformation smoothing effects. In contrast, face-dominated structures contain fewer overlapping
vertices, thereby better preserving localized geometric details during optimization. We will first
employ the former approach to achieve coarse adjustments, followed by the latter for fine-tuning.

Clearly, deriving a closed-form solution for the nonlinear optimization problem shown in (11)
is very challenging. Therefore, we adopt an iterative strategy, which alternates between the
scattering optimization and shape-preserving regularization. To implement the latter, it is necessary
to minimize Equation (11), which, however, is also quite difficult. To address this problem, we
employ another iterative approach with two steps: local and global optimization. We show both of

these two iterative processes in Supplementary Notes 3.

Results



In this section, we present a comprehensive evaluation of the Electromagnetic Sculptor framework.
We begin by outlining the experimental setup and demonstrating the framework's baseline
performance on standard monostatic and bistatic RCS reduction tasks (Subsection Experimental
Setup and Baseline Validation). We then extend the evaluation to more complex scenarios,
including 2D angular, broadband, and multi-polarization optimization, to verify the framework's
versatility (Subsection Advanced Multi-Objective Optimization). To provide deeper insights, we
analyze the underlying physical mechanisms through surface currents and compare our approach
against existing heuristic and gradient-based methods (Subsection Physical Mechanism and
Comparative Analysis). Furthermore, we investigate the critical relationship between sampling
density and optimization consistency, along with hyperparameter sensitivity, to establish practical
usage boundaries (Subsection Sampling Consistency and Parameter Sensitivity). Finally, we
validate the simulation results through fabrication and compact range measurements of a 3D-

printed prototype (Subsection Experimental Measurement and Fabrication).

Experimental Setup and Baseline Validation

We begin with a brief overview of the test conditions and data used during the validation phase.
On the software side, our low-scattering optimization framework leverages several external
libraries, including PyTorch 2.1.2 and CUDA 12.1. To enhance the efficiency of matrix inversion,
we also integrated Eigen 3.4.0. All simulations were conducted on a Windows 11 operating system.
On the hardware side, the testing platform consisted of a laptop equipped with 32GB of RAM, an
Intel 19-13900H CPU, and an NVIDIA RTX 4060 GPU with 8GB of VRAM. The test geometries
used in this study include models created by the authors (a sphere and an airplane) and standard
publicly available benchmark models (the Stanford Bunny’! and CMU Spot*®, hereafter referred
to as the bunny and the calf). The vast majority of these test models are constrained in a
2mx2mx*2m cubic space, with an exception: the plane model, with dimensions of 4m in length,
4m in width, and 1.25m in height. All these models contain thousands of vertices. We generally

control the size of the basic mesh elements to be less than 0.06m, and use Rhino software to



subdivide the elements that do not meet this requirement.

We conduct the tests to evaluate the RCS optimization performance under both monostatic
and bistatic scenarios. Two models are selected for testing: a sphere and an airplane. Using the
centroid of the target model as the origin, we define two sampling schemes. For the monostatic
mode, the pitch angle is fixed at 90°, and we sample at 4° intervals in the azimuth plane, yielding
90 points. For the bistatic mode, with the transmitter fixed at (pitch=90°, azimuth=0°) and the
receiver at (azimuth=0°), we sample the pitch angle from 45° to 135° at 3° intervals, resulting in
30 points. The excitation frequency is set to 1 GHz and HH polarization is employed throughout
the optimization processes. Additionally, the total number of epochs is set to 60. Under these
conditions, we found that the optimization basically achieves convergence. For the first 30 epochs,
the basic mesh elements for shape preservation are chosen as rims and spokes, while for the

remaining 30 epochs, faces are used. Other parameters include an optimizer learning rate 7 of
0.1, with 4, setto 1e3, Mg setto 32, A, setto 20, gy and gy set to 0.5 and 0.4, respectively.

The latter four parameters are consistent with those in Ref. 3, while the impacts of the first two

parameters will be discussed subsequently.
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Fig. 2 Optimization results under monostatic and bistatic modes. (a, e, I, m) show the initial shape before
optimization; (b, f, j, n) present the optimized low-scattering shape. We visualized the deformation quantitatively
in (c, g, k, 0), and demonstrated the radar cross section (RCS) comparison effects before and after optimization
in (d, h, 1, p).

Fig. 2(a-h) presents the optimization results for the monostatic RCS, while Fig. 2(i-p) displays



those for the bistatic RCS. Column-wise, Fig. 2 can be divided into four groups. The first two
columns illustrate the model shapes before and after the optimization, respectively. It can be
observed that the optimization sharpens the surfaces facing the illumination direction while flattens
and smooths those in other directions. This effectively redirects the scattered energy toward less
critical angles, which aligns with the expected characteristics of the low-scattering profiles. In the
third column of Fig. 2, the deformation is quantitatively visualized using a hybrid metric, defined
as the product of the Hausdorff distance®® and the sine of normal vector deviation angle. This
formulation captures both rigid transformations (e.g., rotation and translation) and non-rigid
deformations (e.g., stretching). The distribution of this hybrid metric is consistent with the
aforementioned description of surface sharpening and flattening. For instance, all of the protruding
edges on the spherical surface in Fig. 2(c, k), the sharpened nose, flattened fuselage sides, wings,
and empennage in Fig. 2(g, o) align with this pattern. The last column compares the RCS patterns
before and after the optimization, with the sampling interval set to 1° for both. A clear RCS
reduction is evident in the optimized results. Furthermore, Table I provides detailed data, including
the number of mesh vertices, the average RCS before and after optimization, the computation time,
and an efficiency metric. These results demonstrate the high effectiveness of our method, showing
that satisfactory results can be achieved within just a few minutes, even for models with thousands

of vertices and dozens of sampling points.

Advanced Multi-Objective Optimization
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Fig. 3. 2D scattering optimization results. (a, g) show the initial shapes before optimization; (b, h) present the
optimized low-scattering shapes; (c, i) display the corresponding deformation heatmaps; (d, j) illustrate the radar
cross section (RCS) comparison before and after optimization on a representative slice; (e, k) and (f, 1)
respectively present the 2D RCS heatmaps before and after optimization.

We subsequently conducted 2D scattering optimization experiments on two models, the bunny and



the calf, both configured in the monostatic mode. For the bunny model, the optimization was
performed over the full azimuth range, sampled at 6° intervals, and an elevation range from 75° to
105°, sampled at 5° intervals, resulting in 420 sampling points. The operating frequency was set
to 1.5 GHz. For the calf model, the optimization region was defined with an azimuth range of 135°
to 225° (sampled at 2° intervals) and an elevation range of 60° to 120° (sampled at 6° intervals),
yielding 506 sampling points. The operating frequency was 2 GHz. All other configurations remain
consistent with the previous setup. Fig. 3 presents the 2D RCS optimization results for the two
models. Fig. 3(a, b, g, h) depicts the models before and after the optimization and Fig. 3(c, 1)
displays the hybrid deformation metric as heatmaps, quantifying the geometric differences. It can
be observed that the bunny model undergoes clear changes in the mouth and lateral body regions,
while the calf model exhibits deformation primarily concentrated in the head and leg areas. The
per-face average of this hybrid metric is higher here than in Fig. 2(c, g, k, 0) and the subsequent
Fig. 3(c, k), indicating that the 2D optimization—aimed at satisfying angular requirements across
multiple dimensions—induces more substantial deformation. The RCS slices at elevation angles
of 80° and 90° are shown in Fig. 3(d, j), respectively, demonstrating average RCS reductions of
7.55 dB and 8.03 dB. The global RCS patterns are represented by the four 60x120 heatmaps in
Fig. 3(e, f, k, 1), which collectively exhibit effective RCS reduction across the observed domain.
More detailed data are provided in Table II. Notably, the average RCS reduction reported here is
somewhat smaller than the slice-specific values in Fig. 3(d, j). This discrepancy can be attributed
to increased spatial anisotropy in the 2D optimization scenario. Further improvements could be

achieved by increasing the sampling density or fine-tuning the parameters.
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Fig. 4 Experimental results of broadband scattering optimization. (a, i) show the initial shapes before
optimization; (b, j) present the optimized low-scattering shapes; (c, k) display the corresponding deformation
heatmaps. (d-h) and (1-p) respectively illustrate the radar cross section (RCS) comparison results before and after
optimization for the two models at the frequency range of 1-5 GHz.

To evaluate the broadband optimization performance of the framework, we select two models,



bunny and calf, and optimize the monostatic RCS as objective. We fix the excitation direction at
90° in pitch angle, set excitation directions every 4° in the azimuth angle range from 0 to 360° and
employ HH polarization throughout the optimization processes. In the frequency domain, the
excitation points are set every 1 GHz between 1 and 5 GHz, resulting in a total of 450 optimization
sample points. Due to hardware platform limitations and the fact that our program had not been
fine-tuned for optimization, performing 450 computations per epoch will lead to memory overflow.
Hence, we adopt a mini-batch gradient descent strategy by dividing the one-epoch computations

into 5 groups based on five frequencies. This effectively alleviates the memory pressure. In terms

of other parameter settings, we keep parameters A,, Mg, Ay, 0q and oy consistent with the

previous configurations. For the bunny model, we set the optimizer learning rate 7 to 0.2, while
for the calf model, the learning rate 77=0.1. Fig. 4 shows the simulated results for the broadband
monostatic RCS optimization task, including the shapes before and after optimization, deformation
heatmaps and RCS plots vary from 1 to 5 GHz. Table III provides the average monostatic RCS
values for the two models before and after optimization at different frequencies. The optimization
results for such two models demonstrate that the optimization framework achieves approximately
6dB or more of average RCS reduction in the frequency range from 1 to 5 GHz. This indicates that

the proposed framework has good optimization capabilities for low scattering in broadband.

As one of the most fundamental properties of electromagnetic field, polarization directly
governs the resulting electromagnetic response. In our previous work, all evaluations were
conducted under the HH polarization, which naturally raises the question of whether the optimized
results remain effective under other polarization states. To investigate this, we performed
additional experiments on the calf, bunny, and sphere models to evaluate their scattering
performance across multiple polarization configurations. Specifically, the calf model was tested in
monostatic mode with an excitation frequency of 1 GHz and the optimization region set to the
azimuthal plane; the bunny model has the same experimental configuration as shown in Fig. 4;

and the sphere model follows the bistatic experimental setup described in Fig. 2. As summarized



in Table SI in the Supplementary Notes 4, all models maintain consistently low RCS under both
HH and VV co-polarization conditions. We believe that this may be related to the fact that the
polarization mode has a relatively smaller influence on the scattered energy compared to the factors
such as space and frequency. In contrast, such consistency is not observed under the cross-
polarization. Even so, the corresponding scattering energy remains very weak and practically
negligible. Further validation of VV-polarized optimization (also in Table SIII) confirms the same
trend. Such results indicate that the resource allocation for polarization can be appropriately
reduced during the optimization process, thus achieving consistent reduction of the scattered

energy under co-polarization in a more cost-effective manner.

Physical Mechanism and Comparative Analysis

Previously, we visualized the optimization process by demonstrating the shape changes. We
observe that as the optimization progresses, the scatterer’s shape exhibits characteristics of surface
flattening and smoothing. This aligns with our expectations, as such changes effectively alter the
strong scattering direction of electromagnetic waves, suppressing the electromagnetic scattering
in the observation direction and ultimately leading to a decrease in the average RCS (though some
areas may show enhancement, the overall trend is reduction). Of course, this is a trend observed
from a geometric perspective. Now, we aim to explain the changes in the scattering properties of
objects during optimization from a more physical perspective. To achieve this, we firstly map the
equivalent current density on the scatterer’s surface, with the help of FEKO¢. Furthermore, we
also incorporated with the hotspot maps, a highly effective tool for electromagnetic scattering
analysis, calculated by FASTEM STUDIO (now designated as NESC)>’. Composed of normalized
electromagnetic energy carried by rays, these maps can reflect the contribution of each surface
element to the RCS, thus addressing the limitation of equivalent current distribution maps (i.e.,
their irrelevance to the observation direction). We selected two models mentioned earlier (the calf,
and a sphere) for monostatic and bistatic cases respectively. The calf was excited by a 1 GHz plane

wave from two directions: (azimuth=0°, pitch=90°) and (azimuth=90°, pitch=90°), with HH



polarization mode. The sphere was excited from azimuth=0°, pitch=90° by the same frequency
and polarization, and its scattering field was received at azimuth=0°, pitch=60°.

Fig. 5 presents the evolution of the transient surface equivalent current distribution and
hotspot maps throughout the optimization process. A notable observation is the compression of
major co-directional current regions on the scatterers, which are considered as the key contributors
to strong electromagnetic scattering. Examples include the hip in Fig. 5(a2-a5), the abdomen and
leg in Fig. 5(b2-b5), and the central area in Fig. 5(c2-c5). Conversely, the reverse current regions
are expanded, promoting a better balance in electromagnetic scattering between co- and reverse-
directional areas on the surface. The hotspot maps in Fig. 5(a7-al0, b7-b10, c¢7-c10) offer an
intuitive visualization on how different regions contribute to the scattered field. A gradual
attenuation in the normalized energy of the aforementioned regions can be observed,
macroscopically contributing to the reduction in RCS. This trend is consistent with the RCS bar
charts provided under specific excitation-observation angles (Fig. 5(a6, b6, c6)), which
demonstrate a clear suppression of electromagnetic scattering post-optimization. However, it
should be noted that hotspot maps do not account for interference effects between surface elements,
thus limiting their accuracy in depicting scattering energy variations. For instance, the hotspot map
suggests enhanced scattering from the head of the first calf, which may be misleading. This
highlights the limitation of interpretations based solely on local energy considerations, which are

often insufficient to capture interference effects.
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Fig. 5 Evolution of equivalent current distributions and hotspot maps during the optimization process. The figure
is organized into three representative cases: a, b and c. For each case, (1) shows the rendered geometry under the
given excitation angle, (2-5) illustrate the transient equivalent current distributions at different optimization
epochs, (6) reports the corresponding radar cross section values under the specified excitation—observation

configuration, and (7-10) present the associated hotspot maps at selected epochs.



To investigate the comparative advantages of our proposed method, we selected several
alternative feasible solutions as the control groups and designed three sets of comparative
experiments for the broadband monostatic RCS optimization problem illustrated in Fig. 4. Control
Group 1 employs the Grey Wolf Optimizer (GWO)!!"1°, a widely adopted heuristic approach with
strong global search capability compared with classical genetic algorithms® and particle swarm
optimization'®. Control Group 2 adopts a naive gradient descent strategy commonly used in

electromagnetic optimization studies'*°->%

, with shape-preserving regularization applied.
Building on Control Group 2, Control Group 3 further incorporates an optical energy—based
optimization strategy’', conceptually related to the hotspot-based evaluation discussed above and
implemented in the H-plane. We put the results in the Supplementary Notes 5. As shown in Fig.
S1, the proposed method achieves lower RCS while better preserving geometric integrity than the
baseline approaches. In contrast, Control Groups 1 and 2 exhibit pronounced geometric distortion
that undermines optimization stability, while Control Group 3 maintains improved geometric
smoothness but yields inferior RCS reduction over the 1-5 GHz range. These results confirm that
strategies relying primarily on local energy metrics are insufficient, whereas the proposed
framework more effectively exploits interference effects to achieve consistent broadband RCS
reduction.

We have observed that all the optimization results above exhibit a trend toward surface
flattening and smoothing of the model. This suggests that there may be a more fundamental
physical intuition guiding the electromagnetic scattering optimization process. To explore this, we
used graph-based low-pass filtering to simulate such flattening and smoothing operations, with
detailed experimental procedures included in the Supplementary Notes 6. The results indicate that
applying physical intuition (such as the low-pass filtering used here) can indeed reduce RCS in
some cases, but this strategy is not universally effective. However, the optimization methods
provide a more flexible and comprehensive solution; or, from another perspective, the optimization

determines the regions that require or do not require smoothing.

Sampling Consistency and Parameter Sensitivity
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Fig. 6 Relationship between sampling and optimization consistency. Panels (a—d) correspond to the first
experimental group, (e—h) to the second group, (i-1) to the third group, and (m—p) to the fourth group. For each
group, (a, e, i, m) show the initial radar cross section (RCS) signals, (b, f, j, n) present the corresponding RCS
power spectra, (c, g, k, 0) display the cumulative energy distribution curves, and (d, h, 1, p) illustrate the variation
of cumulative energy and normalized RCS reduction (normalized by the maximum reduction) with respect to

the downsampling rate.

Our previous experiments demonstrate the effectiveness of the proposed approach in manipulating
electromagnetic waves to reduce scattering energy. We now address a fundamental question that
determines the practical boundaries of the method: whether optimization in specific directions may
lead to increased scattering intensity in other directions. This issue must be analyzed on a case-by-

case basis. If such directions lie outside the optimized region, the proposed method cannot



guarantee consistent behavior, as the optimization process lacks information from external regions
and therefore cannot achieve global coordination. This phenomenon is illustrated by a
representative example shown in Fig. S3 of the Supplementary Notes 7. In contrast, when the
directions correspond to unoptimized areas within the target region, strong optimization
consistency can still be achieved. This observation is attributed to the inherent local correlation of
electromagnetic scattering characteristics, whereby the scattering energy distribution tends to be
locally stable. Consequently, ensuring that the sampling points sufficiently cover these stable
regions is key to achieving consistent RCS reduction.

To investigate this effect, we conducted four simulation experiments using the bunny model,
corresponding to the four experimental groups shown in Fig. 6(a—p). Experiments 1, 3, and 4 were
performed in a monostatic configuration, while Experiment 2 employed a bistatic configuration.
In Experiment 1, the frequency was fixed at 2 GHz with a constant elevation angle of 90°, and the
azimuth angle spanned from 0° to 360° (Fig. 6(a—d)). Experiment 2 was conducted at 2 GHz with
a fixed azimuth angle of 270°, while the elevation angle varied from 60° to 120° (Fig. 6(e—h)).
Experiment 3 was also conducted at 2 GHz, where downsampling was applied only along the
elevation angle, while the azimuth angle was restricted to a narrow window from —3° to 3° with
seven sampling points (Fig. 6(i-1)). Experiment 4 swept the frequency from 1 to 3 GHz using five
frequency points, while maintaining the same angular scanning protocol as Experiment 1 (Fig.
6(m—p)). All experiments employed HH polarization.

As shown in Fig. 6(a, e, 1, m), we present the angular RCS signals of the initial shape. The
corresponding power spectra are shown in Fig. 6(b, f, j, n), while the cumulative energy
distribution curves are given in Fig. 6(c, g, k, o). The variation of cumulative energy and
normalized RCS reduction with respect to the downsampling factor is summarized in Fig. 6(d, h,
1, p). The power spectrum is obtained by computing the squared magnitude of the discrete Fourier
transform of the angular RCS signal after removing the DC component, which corresponds to the
mean RCS value. For both one-dimensional and two-dimensional cases, the Fourier transform is

applied only along the angular dimension; the two-dimensional spectrum is constructed by



stacking angular spectra obtained at different secondary sampling indices.

A 1° angular sampling interval (corresponding to a downsampling factor of 1.0) is adopted as
a practical baseline, as this sampling density already ensures that scattering energy leakage into
unseen directions is small, enabling stable evaluation under the current configuration. When
evaluating RCS reduction, the results are normalized by the maximum value observed over the
downsampling factor range from 0 to 1. Although strong optimization performance is achieved at
the sampled angles, insufficient sampling may cause increased scattering in unsampled directions,
leading to a reduction in the overall RCS reduction.

Our results reveal a strong positive correlation between RCS reduction and cumulative
sampling energy, as illustrated in Fig. 6(d, h, 1, p). Notably, when the cumulative energy exceeds
approximately 90%, the RCS reduction approaches saturation under the current optimizer
configuration. These results indicate that consistent optimization performance can be achieved
when the sampling density is compatible with the intrinsic spatial-frequency characteristics of the
target’s scattering response. In practice, this requires that the sampling range sufficiently covers
the dominant energy components of the RCS power spectrum.

We now turn to the selection of parameters 7 and A,. Here, 7 controls the vertex update
scale, while A, regulates the influence of the initial shape versus the low-scattering shape on the
final result. Increasing 7 enhances RCS reduction but also amplifies geometric distortion and
convergence oscillations when 7 exceeds 0.2. Accordingly, 7 is kept below 0.2 in our
experiments. In contrast, A4, exhibits a milder influence: sufficiently large values (4, > 1e3) lead
to stable convergence and consistent deformation, whereas overly small A, suppress effective
low-scattering optimization. Detailed parameter sweeps and visual results are provided in the

Supplementary Notes 8.

Experimental Measurement and Fabrication
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Fig. 7 Measured radar cross section (RCS) optimization results for the calf model. (a, b) Measurement setup of
the initial model. (d, €) Measurement setup of the optimized model. (c) Simulation-measurement comparison of
the initial model at the frequency of 1.5 GHz. (f) Simulation-measurement comparison of the optimized model
at the frequency of 1.5GHz. (g) Frequency-domain RCS and RCS reduction (angle-averaged) in the frequency
band from 1 to 4GHz.

Finally, to validate the effectiveness of the proposed framework for broadband (1-4GHz) and wide-
angle (0-360°) monostatic RCS optimization, we conduct experiments using the calf model as test
object. The baseline and optimized model obtained from our simulation studies are fabricated using
3D printing technology. All measurements are carried out in a compact antenna test range in the
State Key Laboratory of Millimeter Waves, Southeast University. Due to spatial constraints (50cm

diameter turntable), quarter-scale models are fabricated to accommodate the test environment. To



achieve proper PEC boundary conditions, the resin models are fully coated with copper foil (to be
precise, copper foil tape) to prevent electromagnetic field penetration. In accordance with the
scaling theorem™, the actual measurement frequency range is proportionally increased to 4-16GHz.
During the measurement, HH polarization is employed.

As shown in Fig. 7, the experimental process involved two separate measurement campaigns:
(a) and (b) present the test configuration for the baseline model, while (d) and (e) show the setup
for the optimized model. Measurements are conducted with 2° azimuthal increment and 2GHz
frequency step. Fig. 7(c, f) presents the comparison between the simulated and measured RCS
results. Overall, they show good consistency, demonstrating that the high-frequency
approximation method adopted in this study can effectively capture the key electromagnetic
characteristics of the scatterer while improving computational efficiency. However, we have also
noted the discrepancies therein, which may be associated with factors including both modeling
and measurement issues. A detailed discussion of the differences will be provided in the
Supplementary Notes 10. Fig. 7(g) presents the angle-averaged RCS measurements (in dBsm)
across broad frequency band. The results show consistent RCS reduction values of 4.60, 5.08, 6.29,
6.24, 6.35, 6.47, and 6.09 dBsm at 0.5GHz intervals from 1 to 4GHz, with an average reduction
approximating 6dBsm. Compared to Table III, the mean deviation of 0.85dBsm (<1dBsm) falls in
acceptable experimental error margins considering the systematic uncertainties in model
fabrication and measurement, thereby validating both measurement consistency and effectiveness

of this framework.

Discussion

It should be noted that all cases presented above are based on the condition of ¢'=0 in Eq. (3).
This naturally raises the question of whether our method can be applied to more general
electromagnetic design problems. The answer is affirmative in principle: our approach can be
effectively extended to handle non-zero o' scenarios, and is even capable of adapting to other

types of electromagnetic data beyond the formulation in Eq. (3). Representative examples are



provided in the Supplementary Notes 11.

While these experiments demonstrate the promising potential of our method for the
electromagnetic scattering optimization, several limitations should be acknowledged. For instance,
the measurement results indicate that there remains room for improvement in the current forward
modeling configuration. As previously noted, the optimization process tends to sharpen the edges
of the scatterer geometry, which enhances diffraction effects. However, for the sake of simplicity,
a diffraction model was not incorporated into our formulation. As a result, the accuracy of our
forward modeling gradually declines over the course of optimization—as illustrated in the
Supplementary Notes 11—Ileading to less-than-expected RCS reduction in practice. Furthermore,
we observe that the optimization outcome is closely tied to the sampling density (as analyzed in
Fig. 6). This implies that for higher-frequency problems or scenarios involving electrically larger
structures, substantial computational resources are required. Such demands inevitably increase
computational cost and may introduce instability in gradient-based optimization. Additionally, the
shape preservation constraint itself imposes a limitation, confining the optimized results to remain
close to the initial geometry and thereby excluding other potentially better configurations. Lastly,
although the current method can be applied to arbitrary meshes, it does not ensure that the
optimized geometry exhibits regularity or conforms to the CAD design standards—a critical
consideration for practical manufacturing. These issues outline several natural directions for future
work to complement and enhance the existing framework. Potential directions include
incorporating a differentiable diffraction model, reducing sampling density, and introducing CAD-

oriented constraints, among others.

Conclusion

We proposed the Electromagnetic Sculptor, an efficient geometry optimization framework for
addressing the electromagnetic field manipulation. In contrast to the traditional empirical and
heuristic optimization methods, our optimization framework is based on gradient descent, and

hence leads to a clear improvement in optimization efficiency. This allows for a dramatic increase



in the number of optimization parameters and further extends the scope of optimization from small
parameter models to more general mesh structures, thereby greatly expanding the application
scenarios of automated electromagnetic design.

To build a feasible electromagnetic geometry optimization framework, we implemented two
key modules. Firstly, we developed a differentiable SBR electromagnetic simulator based on
parallel computing and automatic differentiation techniques. This effectively bridges the gap
between electromagnetic simulation and optimization, allowing parameter gradients to be
backpropagated along the forward computation path for efficient and reliable large-scale gradient
calculation. Secondly, we incorporated a gradient-based optimizer equipped with a Fibonacci
lattice—based spatial gradient filter. This ensures that the vertex gradients propagate through the
connections between edges to local adjacent points, leading to more stable gradient descent and
overcoming the sensitivity of vertex gradients to mesh shape. To evaluate the effectiveness of the
Electromagnetic Sculptor framework, we conducted a RCS optimization experiment. For this
application, we introduced a shape preservation module based on the computational graphics
theory. This module minimizes the changes in the mesh model’s shape while optimizes the
scattering energy, imposing constraints on the gradient descent process to ensure that the
optimization results remain physically reasonable. Finally, through a series of simulation and
measurement results, we showed that the proposed low-scattering optimization framework
performs well. It effectively supports low-scattering optimization designs under various
requirements. Additionally, we further establish that consistent electromagnetic optimization
requires the sampling density to be compatible with the intrinsic variation of the target’s scattering
characteristics. We believe that this framework will play an active role in the future development
of flexible electromagnetic designs, broader adoption of differentiable electromagnetics, and
multi-physics simulation technologies.

We note that the current framework still has several limitations that warrant further
investigation. Firstly, the lack of a diffraction model reduces forward modeling accuracy as

geometric sharpening intensifies during optimization, limiting achievable RCS performance.



Secondly, the method’s reliance on dense sampling leads to high computational costs and

instability in the gradient-based optimization, particularly for high-frequency or large-scale

problems. Thirdly, while the shape preservation constrains the design space, it may also preclude

the potentially superior configurations. Finally, the optimized geometries, while physically

reasonable, may not directly satisfy standard CAD manufacturability requirements. Therefore,

extending this approach still remains an open research direction.

Data Availability

The RCS measurement data used in this research has been uploaded to the Supplementary Data.

Additionally, the RCS measurement data and mesh files used can be accessed via

https://github.com/yankaiqiao/EM-Sculptor/.

Code Availability

The code used in this study is available from the corresponding authors upon reasonable request.
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Tables
Table I The detailed data table for the simulation tests shown in Fig. 2.

Average Monostatic RCS (dBsm)! . Efficiency
Model Vertex — — Running

Initial Optimized . ) (s per sp
Name Count Reduction Time (s)

Model Model per kv)?
Sphere 2100 6.00 -8.51 14.51 220.46 1.17
Plane 12674 0.24 -12.21 12.45 575.94 0.50
Sphere 2100 4.38 -10.52 14.90 169.03 2.68
Plane 12674 -16.84 -37.13 20.29 393.27 0.69

! These values are calculated based on 1° sampling interval.

2 The label "sp" represents sampling points. The label "kv" refers to the thousand vertices.

Table II The detailed data table for the simulation tests shown in Fig. 3.

Average Monostatic RCS (dBsm)! . Efficiency
Model Vertex — — Running
Initial Optimized . ) (s per sp
Name Count Reduction Time (s)
Model Model per kv)?
Bunny 2959 3.73 -2.81 6.54 481.93 1.84
Calf 2930 1.64 -3.53 5.17 3568.74 241

I These values are calculated based on 2D RCS.

2 The label "sp" represents sampling points. The label "kv" refers to the thousand vertices.

Table III The detailed radar cross section (RCS) reduction data for the simulation tests shown in Fig. 4.

Average Monostatic RCS Reduction(dBsm)'

Model Name

1GHz 2GHz 3GHz 4GHz 5GHz
Bunny 6.99 6.96 6.09 6.80 6.55
Calf 5.22 6.98 7.27 7.37 8.04




!'The values of average monostatic RCS are calculated based on 360 azimuth angle sampling points.

Editor's Summary:

Kaigiao Yang and colleagues propose a differentiable geometric optimization framework for manipulating
electromagnetic fields. The approach enables automated shape design by coupling ray-based electromagnetic
modelling with gradient-based optimization.
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