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ABSTRACT: The design of ultra-wideband (UWB) band-notched antennas is highly sensitive to geometric dimensions. Consequently,
traditional metaheuristic algorithms incur prohibitive computational costs from massive full-wave electromagnetic (EM) simulations. An
efficient co-design framework, termed the Surrogate-Assisted Nutcracker Optimization Algorithm with Gaussian Process (SANOA-GP),
is proposed. By leveraging a GP surrogate for epistemic uncertainty quantification with a lower confidence bound (LCB) prescreening
strategy, SANOA-GP balances exploration and exploitation, overcoming high-dimensional multimodal traps. Moreover, intelligent early
stopping is achieved through a performance-driven dual-termination criterion with a progressive reward mechanism. Sobol global sen-
sitivity analysis is incorporated to quantitatively evaluate geometric influences, enhancing black-box interpretability and verifying the
independent tunability of the dual notches. Measurement results confirm that the optimized antenna achieves precise and deep notches
(S11 > —5dB) at the 5G N79 and X-band frequencies. Remarkably, SANOA-GP converges with an average of only 69.3 full-wave EM
simulations. Compared to surrogate-free algorithms, it reduces computational time by over 50% while maintaining high optimization
accuracy and physical reliability. The proposed framework offers an efficient and reliable paradigm for the automated design of complex
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radio frequency (RF) and microwave components.

1. INTRODUCTION

Ultra-wideband (UWB) systems are widely used in short-
range high-speed communications and radar detection [1].
The key advantages of these systems include high data rates,
low power consumption, and low probability of intercep-
tion [2,3]. However, the UWB spectrum overlaps with
existing narrowband systems (e.g., WIMAX, WLAN, Sub-
6 GHz 5G N79 band, and X-band satellite communications),
causing severe electromagnetic interference (EMI) [4]. To
achieve system compatibility and suppress interference, the
design of UWB antennas with band-notched characteristics
has become a research focus in RF engineering [5].

Complex geometric topologies and high-dimensional de-
sign parameters are typically involved in the design of high-
performance band-notched antennas [6]. Precise notch control
and passband impedance matching require modifications to the
antenna structure. Such modifications introduce elements, in-
cluding slots, stubs, or resonant rings, to the radiator or ground
plane [7]. Consequently, antenna performance is highly sensi-
tive to variations in geometric parameters, generating numerous
local optima across the design space [8]. To effectively obtain
the global optimum, traditional metaheuristic algorithms, such
as Differential Evolution (DE) [9] and Particle Swarm Opti-
mization (PSO) [10], are widely employed. It takes several
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minutes to complete an EM simulation for each fitness evalua-
tion of algorithms [11]. Furthermore, thousands of full-wave
EM simulations are required before the surrogate-free meta-
heuristic algorithms can converge [12]. Therefore, the com-
putational cost is extremely high.

To reduce computational costs, antenna design increasingly
adopts machine learning-based surrogate models, such as arti-
ficial neural networks and support vector regression [13]. Sur-
rogate models replace costly EM simulations and dramatically
accelerate the evaluation process. However, for most ma-
chine learning methods, a large number of high-quality sam-
ples must be generated in advance for offline training to ensure
accuracy. In UWB band-notched antennas, the S1; curve ex-
hibits multiple resonant points and dramatic variations at the
notch edges, which significantly increases the modeling dif-
ficulty [14]. Consequently, if excessive simulation resources
are consumed to generate training datasets for model training,
the efficiency benefits of surrogate models are often negated.
Furthermore, once an offline model is trained, it cannot easily
adjust the design objectives, resulting in wasted computational
resources [15].

To overcome the aforementioned computational challenges,
an efficient co-design framework, SANOA-GP, is proposed
for UWB dual-notch antennas [16,17]. Recent Surrogate-
Assisted Evolutionary Algorithms (SAEAs) directly combine
surrogate models with optimization engines. In contrast, the
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key innovation of our work lies in the synergistic integration of
epistemic uncertainty quantification and a performance-driven
dual-termination mechanism. Specifically, the global search
capability of the NOA and the small-sample learning property
of the GP are combined to eliminate the need for massive offline
training samples. The GP model provides not only a predictive
mean but also epistemic uncertainty through analytical predic-
tive variance [18]. The uncertainty quantification dynamically
balances the exploitation of known optimal regions against the
exploration of unknown parameter boundaries [19,20]. Such
a balance effectively overcomes multimodal traps in the high-
dimensional parameter space.

The main contributions of the paper are summarized as fol-
lows:

1. A synergistic co-design framework based on the GP and
SANOA is proposed. Guided by the lower confidence bound
(LCB) prescreening strategy, the analytical predictive variance
is fully exploited to actively guide the NOA engine. Efficient
optimization is performed by the online surrogate model under
small-sample conditions, thus eliminating the requirement for
pre-generating large-scale offline datasets.

2. Sobol global sensitivity analysis is incorporated to quan-
titatively evaluate the influence of key geometric parameters
on the resonant characteristics of the antenna. The analysis en-
hances the interpretability of the black-box optimization and
elucidates the underlying physical mechanisms of EM coupling
between complex structures.

3. An efficient early stopping mechanism is proposed that
uses a progressive reward and a dual-termination criterion. The
strategy fundamentally resolves the trade-off between global
exploration capability and computational cost. By integrating a
multi-objective weighted fitness function with a performance-
driven dynamic termination strategy, the algorithm avoids re-
dundant evaluations. The proposed framework achieves ro-
bust convergence with an average of approximately 70 physical
evaluations.

The remainder of this paper is organized as follows. In Sec-
tion 2, the foundational theories of the related algorithms, in-
cluding GP regression, NOA, and Sobol analysis, are presented.
In Section 3, the implementation and workflow of the SANOA
co-design framework are described. Section 4 discusses the ex-
perimental setup, comparative analysis of the optimization pro-
cess, and final antenna performance verification. Finally, the
conclusions of this study are summarized in Section 5.

2. PROPOSED ALGORITHMIC FRAMEWORK

The mathematical foundations of the proposed co-design
framework are presented systematically in this section. Specif-
ically, Gaussian process regression (GPR) is introduced to
construct a probabilistic surrogate model. Then, the NOA
is used to solve non-convex and multimodal optimization
problems. Finally, a Sobol sensitivity analysis is employed to
quantify the global influence of the input variables. Based on
these foundations, the complete operational workflow of the
SANOA-GP co-design framework is constructed.
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2.1. Theoretical Foundations

GPR is a non-parametric probabilistic model that infers black-
box functions from limited observations, providing both a pre-
dictive mean and variance that quantifies epistemic uncertainty.
This predictive variance offers a rigorous basis for balancing
global exploration and local exploitation in subsequent opti-
mization.

To leverage this capability, GPR is applied to model
the response of the antenna. For a D-dimensional in-
put x € RP, the latent objective function is modeled as
f(x) ~ GP(m(x),k(x,x’)). In UWB antenna design, the
S11 spectral responses typically exhibit abrupt transitions
and highly nonlinear characteristics. Therefore, to accurately
capture these physical behaviors, a Matérn-5/2 kernel with
automatic relevance determination (ARD) is selected as the
covariance function k(x, x’):

)
ky=5/2(x, X/) = 0’]% <1 + \/ETARD + BTiRD) eXp(—\/gTARD)
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where the scaled distance rarp =
being the signal variance and [, representing the length-scale
for the d-th feature.

Given a training dataset D = {X,y} and observation noise
variance o2, the posterior at a test point x, is a Gaussian distri-

bution with the following predictive mean and variance:
k(K + 02Dty
o7 — kL (K+0.1)" 'k,
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where K is the covariance matrix of the training data, and k.
is the covariance vector between the test point x,. and the train-
ing points X. By using the predictive variance % (x,) to iden-
tify highly uncertain regions, the algorithm effectively miti-
gates the risk of premature convergence to local optima in the
high-dimensional design space. To intuitively illustrate this
probabilistic mechanism, a conceptual diagram of the GPR is
presented in Fig. 1. In the figure, a 95% confidence interval
(shaded area) visually quantifies the epistemic uncertainty to
guide global exploration, while the predictive mean directs lo-
cal exploitation.
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FIGURE 1. Diagram of Gaussian process regression: the predicted
mean is represented by the solid line, and the 95% confidence interval
is denoted by the shaded area.
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FIGURE 2. Schematic framework of the NOA dual-search mechanism. (a) illustrates global exploration via Lévy flights to escape local optima,

whereas (b) depicts local exploitation around reference points.

NOA employs a dual-search mechanism to address high-
dimensional, multimodal EM optimization problems (Fig. 2).

During global exploration, NOA uses Lévy flights to gener-
ate large random step sizes, effectively mitigating local-optima
traps. The position update for the i-th individual x! at genera-
tion ¢ is given by

Xnew -

. {xf +a-Lévy(B) - (xt — x{,y), if r1 < Pa

Xt + 7o - (xYy —xb), otherwise

where x{ ., is the global optimum of the current iteration; x
and x’; are two randomly selected individuals; r1,72 € [0, 1]
are uniform random numbers; and P, is a probability thresh-
old. Parameter « scales the step size, whereas § controls the
tail heaviness of the Lévy distribution, thereby influencing the
probability of generating large perturbations.

For local exploitation, NOA fine-tunes solutions around a
historically optimal reference point xkp within promising re-
gions (Fig. 2(b)):

Xflew = X1t1ew +73- (Xflew - XEP) : exp(r47r) (5)
where 73 and r4 govern the amplitudes of the local perturba-
tions.

This seamless transition from coarse-grained global scanning
to fine-grained local approximation significantly improves both
the convergence speed and solution accuracy. Consequently,
NOA serves as an ideal underlying solver for the surrogate-
assisted framework in this study.

Sobol global sensitivity analysis is used to decompose the
output variance and quantify the contributions of individual in-
put variables and their interactions. Let V(") be the total vari-
ance of the model output Y = f(x). According to the Sobol
decomposition,

D
V({Y) = Z Vi+ Z Vij+--+Vig...p (6)
i=1 1<i<j<D

where V; is the variance attributed solely to the ¢-th variable,
and V;; is that arising from the interaction between the i-th and
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j-th variables. The first-order sensitivity index is then defined
as:

Vi
Si = 7
which represents the main effect of X;. The total-effect index
St; captures both the isolated contribution of X; and all its in-

teractions as follows:

Vi

=1 vy

®)

where V_; is the variance contributed by all variables except
X;. By ranking St;, the key geometric parameters governing
the antenna response are identified, providing a quantitative ba-
sis for interpreting the physical mechanisms of the dual-notch
structure.

2.2. Co-Design Framework

Based on the aforementioned theoretical foundations, the co-
design framework of SANOA-GP is constructed. This frame-
work eliminates the reliance of traditional antenna optimiza-
tion methods on computationally expensive full-wave simula-
tions. A self-correcting, online, data-driven closed loop is es-
tablished, in which low-fidelity virtual screening is efficiently
integrated with high-fidelity EM validation. As shown in Fig. 3,
three tightly coupled phases are integrated into the SANOA-GP
framework: initial sampling and modeling, virtual evolutionary
exploration, and closed-loop decision-making and updating.

The optimization process begins with Latin hypercube sam-
pling (LHS) to generate a set of initial design vectors uniformly
distributed across the multidimensional parameter space, effec-
tively avoiding the sample clustering typical of purely random
sampling. These samples are evaluated via full-wave EM sim-
ulations, and the resulting S1; responses, together with their
corresponding geometric parameters, form the initial training
database. The GPR model is then trained on this database to
accurately fit the complex nonlinear EM responses and quan-
tify epistemic uncertainty through predictive variance, estab-
lishing a robust mathematical foundation for the subsequent vir-
tual search.
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FIGURE 3. Flowchart of the proposed SANOA-GP co-design frame-
work.

Next, the framework enters a virtual evolutionary explo-
ration phase. The NOA performs population evolution entirely
on the GP-predicted fitness landscape, eliminating the need
for further EM simulations. Its dual-search mechanism, which
combines Lévy flight-based global exploration and spatial-
memory-based local search, guides individuals away from local
optima and fine-tunes solutions within the identified promis-
ing regions. This computationally inexpensive virtual search
rapidly traverses a vast design space, generating a pool of can-
didate solutions with high predicted performance.

However, surrogate fitting errors may misguide this virtual
screening. Therefore, the LCB acquisition function prescreens
candidates by integrating the predictive mean and variance, bal-
ancing exploitation and exploration. At each iteration, only the
candidate with the optimal LCB value is submitted for high-
fidelity EM validation.

Once a high-fidelity response is obtained, a dual-termination
criterion is applied. If the actual fitness meets or exceeds the
target threshold (Score > 130), a performance-driven early-
stopping mechanism is triggered, and the optimal design is
immediately output, effectively conserving computational re-
sources. Otherwise, provided that the cumulative number
of EM simulations remains below the maximum budget of
150 simulations, a new high-fidelity data pair is added to the
database, and the GP model is retrained. The online update con-
tinuously rectifies the surrogate model’s epistemic bias, guiding
the search to converge robustly to the true global optimum.

2.3. Complexity Analysis

The time complexity of the SANOA-GP framework is analyzed
to quantify its efficiency advantage. In traditional metaheuris-
tic algorithms directly coupled with full-wave EM simulators,
the total time Tryagitional 1S governed by the population size P,
number of generations (7, and duration of a single EM simula-
tion Tcsr:

Trraditional & G X P x Tcsr. )
For complex antenna designs, the total number of physical eval-
uations (G x P) often reaches thousands, incurring a prohibitive
computational burden.
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In contrast, the SANOA-GP framework delegates the com-
putationally intensive search to a surrogate model. Therefore,
the total time depends almost entirely on the number of high-
ﬁdehty simulations, Nreala with TSANOA ~ Nreal X TCST~ The
overhead of GP training and virtual evolution is negligible be-
cause matrix-algebra operations are executed in milliseconds,
whereas full-wave simulations require minutes. Guided by ac-
curate surrogate predictions and the dual-termination criterion,
Nieq 18 several orders of magnitude smaller than the evaluation
count of conventional algorithms (N, < G X P).

An order-of-magnitude reduction in computational time is
achieved without compromising the design accuracy compared
with conventional surrogate-free algorithms. Consequently,
the proposed method provides an efficient paradigm for the au-
tomated design of high-dimensional, complex antennas.

3. ANTENNA PHYSICAL MODEL AND EXPERIMEN-
TAL SETUP

3.1. Antenna Physical Model and Design Space

A compact UWB dual-notch antenna is selected as the bench-
mark design to evaluate the SANOA-GP algorithm’s capability
in solving high-dimensional, highly sensitive EM optimization
problems. The antenna is printed on a standard FR-4 dielectric
substrate with a relative permittivity of 4.4 and a thickness of
0.8 mm. The main radiator is formed by a semi-circular patch
and a microstrip feedline. As depicted in Fig. 4, the geomet-
ric parameters of the inverted T-shaped stub and semi-circular
slots on the radiating patch include the slot height L, total
width W1, inverted-T length T, arc width 75, and top linewidth
T5. Similarly, the geometric parameters of the U-shaped para-
sitic stubs beside the microstrip feedline include the horizontal
lengths U; and Us, vertical length Us, stub width ¢, and cou-
pling gap d. The optimization bounds for these parameters are
summarized in Table 1. Two angular variables, Ry € [10°, 25°]
and R,y € [2°,5°], are incorporated into the design space to pre-
cisely tune the curvature of the inverted U-shaped slot.

(@ ®, ©

FIGURE 4. Antenna structure: (a) Front view of the antenna, (b) side
view of the antenna, and (c¢) back view of the antenna.

The initial bounds of the 12 variables are estimated from
transmission line theory. The resulting high-dimensional de-
sign vector x € R!? enables a thorough exploration of the
global optimum while effectively avoiding local optima. Be-
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TABLE 1. Design variables and their optimization bounds.

Parameter  Optimization Range (mm)
Ly 6-10
W1 6-10
Ty 5-7
T> 0.8-1.5
T3 0.8-1.5
Uy 2.5-6
Ua 2.5-6
Us 2.5-6

d 0.15-0.8
0.5-1.5

cause the mappings from the geometric parameters to the reso-
nant frequencies are highly nonlinear, the notch center frequen-
cies become extremely sensitive to minute perturbations in the
key dimensions. Such sensitivity justifies the use of intelligent
algorithms to navigate the multimodal landscape.

3.2. Objective Function and Early Stopping Criteria

In antenna optimization, the core objective is to achieve
highly selective band-rejection at designated frequencies
while preserving broadband impedance matching across the
UWB passband. Accordingly, the design task is formu-
lated as a maximization problem driven by a progressive
reward mechanism. The entire operating spectrum is de-
fined as Q, = [3.1GHz, 10.6 GHz]. The target dual-notch
bands are specified as Quoent = [4.4GHz, 5.0 GHz] and
Qnoteh2 = [7.25 GHz, 7.75 GHz]. The remaining frequencies
are the passband {pags.

A comprehensive fitness function F'(x) is constructed to en-
sure the efficient convergence of the SANOA-GP algorithm
across the complex non-convex parameter space. It is defined
as the weighted sum of a passband matching reward Rpqss, a
dual-notch suppression reward Ryqh, and a numerical stability
reward Rgp:

F(X) = WlRpass(X)+W2 (Rnotchl (X) + RnotchZ(X>>+w3Rstab(x)

(10)
where w1,ws, and wg are the weight coefficients of the sub-
objectives, used to balance the trade-offs among these com-
peting objectives. The sub-objectives heavily reward solutions
that satisfy the design specifications while providing smooth
gradient guidance for underperforming candidates.

The impedance matching characteristics across the non-
notched frequencies are evaluated by the passband matching
reward Rpqs. Let Spass denote the mean reflection coefficient
within the Q.. band. The mean value is deliberately used
rather than the maximum value to provide a smoother opti-
mization gradient. Furthermore, the passband target threshold
is set to Tpas = —10 dB. This reward term is formulated as the
following piecewise function based on these parameters:

Bhase + et (Tpass - Spass)a ifSpass < Tpass

Rpass(x) = 5
pass S —T .
Bhase - €Xp (—M) , otherwise

(11)
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where By, is the base score, 1 the excess reward coefficient,
and 7 the decay constant. This mechanism provides positive,
exponentially decaying gradient guidance for candidates that
fail to meet the design specifications, helping them escape local
optima. Conversely, for solutions satisfying the threshold, the
linear term grants an excess reward to help the overall fitness
swiftly reach the early stopping target.

A similar evaluation strategy is applied to the notch suppres-
sion reward Ryoich. Let Smax,; denote the maximum reflection
coefficient within the k-th notch band (k = 1, 2). Furthermore,
the stopband target threshold is set to T, = —5 dB. Based on
these conditions, the reward function is formulated as follows:

Bhoten + VQ(Smax,k - TStOp)a
imeaX,k > Tstop

Tsto -
P max, k
Bioteh * €Xp <_ )

-
otherwise

(12)

RnotchJc(X) =

The weighted-sum fitness formulation strongly drives the algo-
rithm to achieve high reflection characteristics (S1; > —5dB)
within the notch bands, thereby ensuring a sufficient interfer-
ence suppression depth.

Furthermore, a numerical stability reward term Ry, iS intro-
duced to eliminate physically spurious solutions characterized
by non-physical, violent oscillations in the frequency response.
Let std(S71) denote the standard deviation of the Sy; curve
within the passband and § the allowable fluctuation threshold.
The stability term is defined as:

Bstab» ifStd(Sll) <

1)
(13)
Bgap — A - (std(S11) — 6), otherwise

Rstab(x) = {

A performance-driven dual-termination criterion is adopted
to rigorously govern the optimization process and balance the
computational cost and design accuracy. Once the comprehen-
sive fitness score F'(x) of a candidate solution exceeds the pre-
defined target threshold of 130, the optimization is terminated
immediately.

In the weighted-sum fitness function, the exponential penalty
terms in Eqs. (11)—(12) are not triggered if and only if the
antenna simultaneously satisfies the passband matching base-
line (Spass < —10dB), the dual-notch suppression baseline
(Smax,kx = —5dB), and the numerical stability requirement.
Each sub-reward function then guarantees its full base score,
and their weighted sum yields exactly 130 points. The reverse-
engineering of the fitness threshold from physical metrics gives
the SANOA-GP framework strong generalizability. For other
complex antenna or microwave component designs, designers
need not rely on trial and error to set the target score. Instead,
by substituting their specific S-parameter requirements into the
progressive reward formulas, a new termination threshold can
be dynamically calculated. The co-design framework can thus
be efficiently applied to RF engineering problems with diverse
specifications. If the target score remains unmet, the optimiza-
tion continues until the maximum budget of 150 full-wave EM
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simulations is exhausted. This dual-criterion mechanism en-
sures that an engineering-compliant optimized design is reli-
ably obtained at a minimal computational cost.

3.3. Algorithm Configuration and Evaluation Metrics

LHS is used to generate N,y = 30 initial sample points
within the design space in the proposed SANOA-GP frame-
work. Based on these samples, an initial GP surrogate model
is constructed. An LCB acquisition function is used to pre-
screen candidate solutions during the subsequent virtual evo-
lution phase, and its weight coefficient is set to £ = 2.0. When
parameterization is applied, the exploitation of the predictive
mean and exploration of the predictive variance are dynami-
cally balanced.

DE, PSO, and SADEA are selected as comparative baselines
to rigorously evaluate the algorithm performance. The popula-
tion sizes across all comparative algorithms are uniformly set
to Npop = 30 to ensure equitable comparisons. Furthermore,
the maximum computational budget is strictly capped at 150
full-wave EM simulations.

The prediction accuracy of the surrogate model under sparse
data must be systematically verified to ensure reliable guidance
during the search. An independent benchmark dataset contain-
ing 100 LHS samples is constructed for this purpose. Subse-
quently, true high-fidelity EM responses are extracted via full-
wave electromagnetic simulations. The dataset is randomly
partitioned into a training set of 80 samples and a test set of
20 samples. Four statistical metrics are used to objectively
quantify the generalization performance: root mean square er-
ror (RMSE), mean absolute error (MAE), mean absolute per-
centage error (MAPE), and coefficient of determination (R?).

To validate the superiority of the proposed GP-Matérn 5/2
model in handling non-smooth EM responses, three represen-
tative regression algorithms are selected as comparative base-
lines. A GP model based on the squared exponential kernel
(GP-RBF) is introduced to evaluate the effectiveness of dif-
ferent kernels in capturing the abrupt spectral transitions of
S11. Additionally, Support Vector Regression (SVR) [21] and
random forest [22] are incorporated, representing conventional
kernel and ensemble learning methods, respectively. These two
models are used to assess the generalization differences under
a severely constrained dataset of only 80 training samples. All
comparative models are finally trained and evaluated on iden-
tical datasets to ensure a rigorously equitable analysis.

4. RESULTS AND DISCUSSION

4.1. Surrogate Model Performance Validation

The statistical evaluation results of the various surrogate mod-
els on the test set are summarized in Table 2. The proposed
GP (Matérn 5/2) and random forest models demonstrate com-
parable learning capabilities under sparse data conditions. Su-
perior fitting accuracy is achieved for both models across the
coefficient of determination (R?), RMSE, and MAE. The GP
(Matérn 5/2) demonstrates superior performance compared to
the GP-RBF model (R? = 0.452). The substantial disparity
confirms that the finite smoothness assumption of the Matérn
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TABLE 2. Predictive performance comparison of different surrogate
models on the test set.

Model RMSE MAE MAPE (%) R?
GP (Matérn 5/2)  14.15  12.80 13.50 0.585
Random Forest 13.86 12.46 13.29 0.609
GP (RBF) 16.50 14.20 15.10 0.452
SVR 17.46  14.06 15.17 0.379

kernel aligns with the abrupt spectral transitions at the antenna’s
resonant frequencies. The overly smooth RBF kernel, in con-
trast, filters out crucial high-frequency details.

The SANOA framework ultimately adopts the GP (Matérn
5/2) as its core surrogate engine, although the random forest
model maintains a marginal advantage in absolute prediction
accuracy. The choice of GP is dictated by the LCB prescreen-
ing strategy, which relies on analytical predictive variance to
balance exploration and exploitation dynamically. The random
forest model does not inherently provide an analytical posterior
variance due to its ensemble learning nature. The SVR model
obtains the poorest overall metrics (R2 = 0.379), revealing sig-
nificant generalization deficiencies under severely constrained
sample sizes. The GP (Matérn 5/2) maintains high predictive
accuracy and provides indispensable uncertainty quantification.
Therefore, the GP model achieves an optimal balance between
accuracy and algorithmic functionality.

Figure 5 presents scatter plots of predicted fitness values
against ground-truth values for the test set, with regression
lines overlaid to evaluate fitting characteristics of each
model. Highly similar scatter distributions are shown by
the GP (Matérn 5/2) and random forest models, as depicted
in Figs. 5(a) and (d). The predictions for both models are
tightly clustered along the ideal diagonal, indicating negligible
systematic bias and directly confirming their comparable
statistical performance. The above result demonstrates that the
GP model does not sacrifice regression accuracy despite its
emphasis on probabilistic inference characteristics.

In contrast, Figs. 5(b) and (c) reveal a pronounced disper-
sion in the scatter plots for the GP (RBF) and SVR models,
respectively. In particular, substantial deviations between the
predictions and ground-truth values occur in low-fitness re-
gions, which correspond to poor S1; performance. Introducing
such pronounced modeling errors during optimization can eas-
ily mislead the search trajectory and degrade the global search
efficiency. These visual results further confirm that the GP
(Matérn 5/2) model can construct a high-fidelity virtual fit-
ness landscape. Furthermore, these robust predictive capabil-
ities enable effective global navigation of the complex, high-
dimensional parameter space using the SANOA framework.

4.2. Optimization Efficiency and Convergence Analysis

This section systematically benchmarks the SANOA-GP
against conventional swarm intelligence algorithms (Standard
NOA, PSO, WOA [23], GWO [24]), classical surrogate-
assisted algorithms (EGO, SADE, SAPSO [25], Offline-GP),
and other advanced metaheuristic algorithms (BKA [26],
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FIGURE 5. Regression scatter plots of predicted versus true fitness values on the test set for different surrogate models.

RIME [27]) on high-dimensional complex electromagnetic op-
timization problems. The performance-driven early stopping
mechanism is temporarily disabled in the comparative study to
allow objective observation of each algorithm’s convergence
limits and steady-state behavior. All algorithms are forced to
run for the full computational budget of 150 full-wave EM
simulations.

Figure 6 presents the best-so-far convergence trajectories
from multiple independent trials (Best Run) to fairly compare
the ultimate optimization potential of each algorithm, as meta-
heuristic algorithms are inherently stochastic. As observed, the
SANOA-GP exhibits an explosive initial ascent. The algorithm
breaches the 130-point target threshold within the first 10 sim-
ulations and ultimately stabilizes at a high fitness value of 137.
The GP surrogate model and the lower confidence bound acqui-
sition function provide an effective balance between global ex-
ploration and local exploitation, resulting in rapid convergence.
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FIGURE 6. Convergence trajectories of the best-so-far fitness for dif-
ferent optimization algorithms.
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In contrast, while the BKA demonstrates a highly competi-
tive initial search speed, it stagnates without achieving higher
breakthroughs in subsequent iterations. Standard PSO, SADE,
and RIME eventually surpass the target threshold. However,
their trajectories exhibit pronounced stepwise stagnation, and
their final accuracies remain inferior to that of the SANOA-
GP. Furthermore, standard NOA and WOA display severe stag-
nation throughout the entire iterative process, failing to reach
the target threshold even after exhausting the simulation bud-
get. The stark contrast reveals that metaheuristic search mech-
anisms alone are highly inefficient for navigating the complex,
multimodal parameter space of dual-notch antennas.

To mitigate the stochasticity inherent in single-run evalua-
tions, the statistical results obtained with the dual-termination
criterion activated are summarized in Table 3. The results
enable an objective assessment of each algorithm’s practical
engineering efficacy. Among all tested methods, SANOA-
GP achieves the highest peak fitness (137.12) and mean fit-
ness (131.84). In contrast, the surrogate-free standard NOA
and WOA algorithms yield mean scores of merely 115.20 and
95.40, respectively. Such a marked performance gap confirms
the necessity of surrogate-assisted strategies for overcoming
high-dimensional multimodal traps. Notably, the SANOA-GP
maintains clear superiority in both solution quality and stability,
even when benchmarked against the highly competitive EGO
algorithm (mean score: 130.50). The remaining algorithms
generally fail to achieve a mean fitness above the 130-point
threshold, indicating their vulnerability to local optima in com-
plex electromagnetic landscapes.

Thanks to its performance-driven early stopping mechanism,
the SANOA-GP requires an average of only 69.3 full-wave EM
simulations (approximately 3.47 hours). Thus, the SANOA-GP
robustly delivers a high-quality design while consuming less
than half of the maximum computational budget. The BKA
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TABLE 3. Performance and efficiency comparison of different optimization algorithms under the early stopping mechanism.

Algorithm Best Fitness  Mean Fitness  Avg. Sims  Total Time (h)
SANOA-GP 137.12 131.84 69.3 3.47
EGO 136.51 130.50 75.0 3.75
PSO 134.50 128.42 85.4 427
RIME 134.26 127.93 76.5 3.83
SADE 133.80 128.10 92.1 4.60
BKA 131.76 126.76 65.9 3.30
SAPSO 130.19 124.30 79.7 3.99
Offline-GP 128.40 118.20 150.0 >17.50
NOA 127.38 115.20 150.0 > 17.50
GWO 126.50 110.50 150.0 >17.50
WOA 109.66 95.40 150.0 > 7.50

TABLE 4. Design variables and their optimal values.

Parameter L1 W1 T

T>

15 Uy Us Us d c

Optimal Value (mm) 8.24 7.18 6.33

1

1.29 381 475 3.77 034 0.78

achieves a nominally lower average simulation count (65.9)
but only an inadequate mean fitness (126.76), indicating that
the algorithm easily gets trapped in local optima. On the other
hand, although PSO and SADE can converge in their best sin-
gle runs, their average simulation counts reach as high as 85.4
and 92.1, respectively, indicating that their rapid convergence
is highly stochastic and heavily dependent on initial sampling.
The above comprehensive comparison strongly demonstrates
that the SANOA-GP drastically shortens the development cy-
cle while consistently ensuring high optimization accuracy.

4.3. Ablation Study on Acquisition Function

In this section, an ablation study is conducted on the core
confidence-bound prescreening strategy to elucidate the op-
timization mechanism of the SANOA-GP framework under
sparse-data conditions. Three acquisition function configura-
tions are compared: a pure exploitation strategy relying exclu-
sively on the predictive mean (Mean-Only), a pure exploration
strategy driven solely by the predictive variance (Variance-
Only), and the proposed dynamic balance strategy (i + 2.00).
Figure 7 illustrates the convergence trajectories of the best
fitness scores for the three strategies under a budget of 150
cycles. The Mean-Only strategy (blue line) rapidly stagnates
near a fitness of 120 early in the optimization. When guided
exclusively by the predictive mean, the optimization process
is easily misled by the biases of the initial surrogate model,
thereby completely losing the ability to escape the local optima.
In contrast, the Variance-Only strategy (green line) achieves a
rapid initial ascent by aggressively exploring uncharted design
boundaries. However, the variance-only strategy is completely
deprived of mean-driven guidance. Once reaching a fitness of
131, the strategy loses the precision to fine-tune within local
neighborhoods. It thus ceases to improve further.
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In stark contrast, the proposed p + 2.00 strategy (red line)
demonstrates superior robustness and optimization depth. By
judiciously integrating variance compensation, this strategy dy-
namically balances the exploration of highly uncertain regions
with the exploitation of known high-performing areas. Conse-
quently, the algorithm not only robustly surpasses the 130-point
target threshold but also ultimately surges to a peak fitness of
approximately 137. The comparative findings mechanistically
confirm that both mean-driven exploitation and variance-driven
exploration are indispensable. Therefore, the synergistic inte-
gration of both mechanisms is imperative for achieving effi-
cient global convergence over computationally expensive mul-
timodal design spaces.

4.4. Antenna Physical Response and Mechanisms

The physical viability of the optimization results is verified by
the optimal design parameters and corresponding simulated S11
spectral response. The complete set of parameters is listed in
Table 4, including the angular values Ry, = 9° and Ry = 2.63°.
The S7; response is illustrated in Fig. 8. The optimized an-
tenna achieves broadband impedance matching outside the des-
ignated notch bands across the 3.1-10.6 GHz spectrum, with
passband S11 < —10dB. More importantly, the antenna cre-
ates two highly selective deep notches precisely at the target
interference frequency.

Figure 8 explicitly delineates the stopband bandwidths at
the —5 dB threshold. The lower-frequency notch spans 4.51—
4.66 GHz, thereby precisely suppressing the 5G N79 signal.
The higher-frequency notch covers 7.31-7.65 GHz, thereby
shielding the receiver from X-band interference. S7; peaks
approach 0 dB at both notch centers. Such profound rejection
significantly surpasses the initial —5 dB design metric, thereby
guaranteeing high-performance filtration. The observed phys-

WWwWw.jpier.org



Zhuang et al.

140 R R R
130 ° [ [ ] [ ] [ ]
Target Score(130)
2 120 * * * *
5} *
p=
o 110
-
g? *
]
2 100 PS
7]
3]
o 90
—de— SANOA-GP (1 +2.00)
80 ® Variance-Only (o)
> 4 Mean-Only (1)
70
0 20 40 60 80 100 120 140

Number of EM Simulations

FIGURE 7. Ablation study of different acquisition function strategies.
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ical responses confirmed the reliability of numerical optimiza-
tion. The strong agreement between the measurements and
simulations further validates the SANOA-GP framework. The
framework effectively navigates highly sensitive, multimodal
landscapes in high-dimensional parameter spaces.
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In addition to frequency-domain impedance matching, spa-
tial radiation stability is an important metric for evaluating
UWB antenna performance. For a comprehensive assessment
of the far-field radiation characteristics of the optimized an-
tenna, Figs. 9(a) and (b) present the simulated 2D radiation pat-
terns at 3.6 and 10.0 GHz, respectively. The frequencies are
chosen outside the notched bands to reflect the spatial radiation
features during normal communication.

As observed at 3.6 GHz, the antenna exhibits the typical ra-
diation properties of a standard planar monopole. The E-plane
pattern is a symmetric figure-of-eight, and the H-plane pattern
is stable and omnidirectional. Such radiation properties pro-
vide uniform signal coverage for broadband wireless systems.
As the operating frequency increases to 10.0 GHz, the electrical
dimensions of the radiator expand significantly relative to the
wavelength, causing higher-order modes to excite on the radiat-
ing surface. This results in a slight distortion of the E-plane pat-
tern and an elevated cross-polarization level. However, in the
principal radiation directions, namely the broadside directions
at = 0° and 180°, the cross-polarization level remains over
20 dB below the co-polarization level. This phenomenon is in-
herent to UWB antennas. Nevertheless, the antenna maintains a
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FIGURE 11. Simulated surface current distributions of the optimized antenna at the two notch center frequencies.

robust overall radiation performance across the high-frequency
band. In the H-plane, the cross-polarization components re-
main at an extremely low level across the entire operating band
and are therefore invisible in the plotted patterns. Such sup-
pression originates from the strict geometric symmetry of the
planar monopole along the feeding axis. The symmetry inher-
ently forces the orthogonally polarized electric fields to mutu-
ally cancel out in the far-field region.

4.5. Key Parameter Sensitivity Analysis and Physical Mecha-
nisms

A multi-dimensional theoretical cross-validation of the opti-
mization results is conducted using Sobol global sensitivity
analysis and surface current distributions. The analysis eluci-
dates the physical mechanisms underlying the dual-notch char-
acteristics.

Figure 10 presents Sobol total-effect sensitivity indices in de-
sign variables, derived from the SANOA-GP surrogate model.
The statistical results show that arc R of the inverted T-shaped
stub and slot height L; of the semi-circular slots exhibit the
highest sensitivities, with total-effect indices exceeding 0.45.
As the primary determinants of the 4.7 GHz lower-frequency
notch, even minor perturbations in R; and Ly can induce sub-
stantial fluctuations in the fitness functions. The dimensions of
the parasitic stubs (U, W1, and Us) show the next highest sen-
sitivities, primarily governing the electromagnetic response of
the 7.5 GHz notch.

From an electromagnetic perspective, the extreme sensitiv-
ities of Ry and L; arise from their direct control over the
effective electrical length of the inverted T-shaped stub and
semi-circular slots. According to transmission line theory, the
resonant frequency of a notch structure is inversely propor-
tional to its effective electrical length. Consequently, even sub-
millimeter variations in the high-Q) resonators lead to severe
frequency shifts and abrupt S;; deteriorations, fundamentally
explaining their highest sensitivity indices.

Figure 11 shows the simulated surface current distributions
of the optimized antenna at the notch center frequencies. As
shown in Fig. 11(a), the surface currents are highly concen-
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trated along the edges of the inverted U-shaped slot at 4.7 GHz.
The currents on the inner and outer boundaries flow in opposite
directions, exhibiting pronounced antiparallel behavior. This
antiparallel current distribution excites a strong localized res-
onance that effectively blocks far-field radiation, thereby ex-
plaining why R; and L; (dimensions governing the slot) are
highly sensitive.

As shown in Fig. 11(b), the dominant current distribution
shifts significantly to the parasitic stubs as the operating fre-
quency increases to 7.5 GHz, where the stubs function as high-
quality-factor band-stop filters. Driven by near-field electro-
magnetic coupling, the signal energy is reflected back to the
excitation port rather than being radiated outward. This behav-
ior aligns perfectly with the result in Fig. 10, where U; and
W1 dominate the higher-frequency response. The mutual cor-
roboration between the Sobol sensitivity analysis and EM field
distributions provides a strong physical explanation for the un-
derlying mechanisms of the dual-notch responses.

4.6. Prototype Fabrication and Measurement Validation

A physical antenna prototype was fabricated using the opti-
mized geometric parameters to comprehensively verify the ef-
fectiveness of the proposed design and SANOA-GP algorithm.
The measured S71; curves are obtained using a vector network
analyzer. Fig. 12 presents the measured curves, corresponding
Computer Simulation Technology (CST) full-wave simulation
results, and an inset photograph of the fabricated prototype.
Excellent agreement between the measured and simulated re-
sults is shown in Fig. 12. The measured impedance bandwidth
successfully covered the target 3.1-10.6 GHz UWB range, and
the two highly selective stopbands precisely matched the simu-
lated 4.51-4.66 GHz and 7.31-7.65 GHz bands. The measured
and simulated curves exhibited slight discrepancies in notch
depths and minor resonant frequency shifts. The deviations
mainly originate from three factors: manufacturing tolerances
of the FR-4 substrate, parasitic electromagnetic effects of the
SMA connector, and inherent losses in the testing environment
and RF cables. Despite such fabrication and measurement tol-
erances, the overall spectral profiles maintained excellent con-
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FIGURE 12. Photograph of the fabricated antenna prototype and com-
parison between the measured and simulated S1; results.

sistency. The measurement results confirmed that the fabri-
cated antenna successfully achieved the expected dual-notch
characteristics, thereby satisfying the operational requirements
of complex EM environments. Experimental validation fur-
ther confirmed the high predictive accuracy of the SANOA-
GP framework and its practical engineering viability for solv-
ing high-dimensional antenna optimization problems.

5. CONCLUSION

A novel co-design framework based on SANOA-GP is pro-
posed for the efficient automated design of UWB dual-band-
notched antennas. The SANOA-GP framework integrates GP-
based probabilistic prediction with an LCB acquisition func-
tion to accurately quantify epistemic uncertainty and intelli-
gently balance exploration and exploitation across the non-
convex, multimodal parameter space. Compared with con-
ventional surrogate-free metaheuristic algorithms, such as PSO
and Standard NOA, the proposed co-design framework incor-
porates a performance-driven dual-early-stopping mechanism.
Consequently, it requires an average of only 69.3 full-wave EM
simulations to attain the global optimum and reduce the time
cost by over 50% while ensuring high optimization accuracy.
Furthermore, Sobol global sensitivity analysis is incorporated
to break the inherent uninterpretability of the black-box opti-
mization. Surface current distributions are used to corrobo-
rate the underlying physical mechanisms. The measured results
of the fabricated prototype show excellent agreement with the
simulation predictions, demonstrating highly selective suppres-
sion of the 5G N79 and X-band. The proposed SANOA-GP
framework establishes a high-precision and efficient comput-
ing paradigm with broad application prospects in complex RF
engineering.
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