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ABSTRACT: Increasing demand for high-throughput wireless sensing and localization systems has intensified the
need for fast and accurate performance modeling of Ultra-Wideband (UWB) antenna designs without relying on
computationally expensive full-wave electromagnetic simulations. In this work, a physics-informed ensemble learning
framework is proposed for efficient prediction of UWB antenna radiation efficiency. The framework incorporates
a multi-stage feature engineering pipeline that derives physics-inspired descriptors from eight original antenna
design parameters. These descriptors include quantum-theoretic, information-theoretic, chaotic, harmonic, fractal,
and topological representations that capture complex relationships within the antenna design space. The extracted
features are used to train multiple regression architectures, including Quantum-Inspired Gradient Boosting (QGB),
Chaos-Theory Informed Ensemble (CTIE), Information-Theoretic Neural Network (ITNN), Topological Data Analysis
Ensemble (TDAE), and Robust Information-Bottleneck Regressor (RIBR). The models are evaluated on a benchmark
dataset containing 1000 UWB antenna designs. Among the evaluated methods, the QGB model achieves the best
performance with R2 = 0.9999, RMSE = 0.0488, MAE = 0.0358, and MAPE = 0.0005%. Comparative and ablation
analyses demonstrate that physics-informed feature abstraction significantly enhances predictive accuracy, yielding a
3.51% improvement over the best baseline model. The proposed approach provides a computationally efficient surrogate
modeling framework for accelerating UWB antenna design and optimization.

KEYWORDS: UWB antenna; radiation efficiency; physics-informed machine learning; ensemble regression; feature
engineering; gradient boosting; topological data analysis; chaos theory

1 Introduction
Ultra-Wideband (UWB) antennas are essential for high-precision indoor localization [1], ground pene-

trating radar, short-range high-throughput communications [2], and biomedical sensing systems operating
in the 3.1–10.6 GHz band [3,4]. Their design is challenging because compact radiating structures must
maintain low return loss and high radiation efficiency across a wide multi-gigahertz bandwidth, often with
notch filters to suppress interference from WLAN (5 GHz) and X-band radar systems [5–7] and vehicular
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communication bands [8]. Radiation efficiency η represents the fraction of accepted input power that
is actually radiated, incorporating ohmic, dielectric, and mismatch losses. Achieving high η across the
entire UWB band while maintaining compact geometry and notch filtering results in a complex multi-
objective design problem. Recent antenna designs have further integrated electromagnetic protection and
anti-interference capabilities directly into the radiating structure, underscoring the growing complexity of
the antenna design space [9].

Traditional antenna optimization relies on full-wave electromagnetic solvers such as CST Microwave
Studio or ANSYS HFSS. Individual simulations may take minutes or hours, making large parametric
sweeps or evolutionary optimization computationally expensive [10,11]. Machine learning (ML) surrogate
models provide a faster alternative by predicting antenna performance from previously simulated config-
urations with orders-of-magnitude faster inference [12–14]. Neural networks have been applied to, array
diagnostics [12], and microwave component modeling [15,16], while transfer learning has been explored for
data-limited antenna problems [17].

Most existing ML-based antenna models rely on direct regression from raw geometric parameters.
Recent studies reported R2 ≈ 0.96 for THz MIMO antenna prediction [13] and up to R2 ≈ 0.989 for graphene-
based designs [14]. Ensemble models such as Gradient Boosting [18,19] and Random Forests [20] have
demonstrated strong performance in surrogate-assisted antenna optimization. In parallel, physics-inspired
optimization methods, including quantum-inspired algorithms and quantum annealing, have been explored
for antenna configuration search [21]. However, complex structures such as fractal and EBG-based antennas
exhibit multi-scale spatial behavior that raw parameter regression cannot adequately capture [22].

Despite these advances, systematic incorporation of electromagnetic domain knowledge into ML
feature spaces remains limited. Important properties such as multi-scale interactions, resonance dynamics,
and topological characteristics of wideband antennas are rarely encoded explicitly in predictive models.
Addressing this limitation is the central motivation of this work.

The novelty of the present work is entirely methodological: it lies in the ML framework, not in antenna
design. The proposed surrogate modeling methodology is applicable to any benchmark simulation dataset;
no new antenna geometry is proposed. The main contributions of this study are:

• A six-layer physics-informed feature engineering pipeline that expands eight raw parameters into
100 descriptors spanning quantum-inspired, chaotic, entropic, harmonic, fractal, and topological
domains. To the best of the authors’ knowledge, no prior surrogate model for UWB antenna efficiency
incorporates this breadth of physics-derived descriptors.

• A comparative benchmark of five regression architectures: Quantum-Inspired Gradient Boosting
(QGB), Chaos-Theory Informed Ensemble (CTIE), Information-Theoretic Neural Network (ITNN),
Topological Data Analysis Ensemble (TDAE), and Robust Information-Bottleneck Regressor (RIBR),
under identical experimental conditions on the same dataset, which has not been performed in the
existing literature.

• A rigorous ablation study quantifying the marginal R2 contribution of each feature abstraction layer,
identifying multi-scale hierarchical decomposition and information-theoretic features as the highest-
impact groups.

• A 3.51 percentage-point improvement in R2 over the prior best on this dataset (R2 = 0.9649→ 0.9999),
surpassing the highest published accuracy on comparable UWB antenna surrogate tasks, achieved
without any increase in model complexity or dataset size.
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The remainder of the paper is organized as follows. Section 2 reviews related work. Section 3 presents the
dataset and proposed methodology. Section 4 reports experimental results and ablation analysis. Section 5
discusses findings and limitations. Section 6 concludes the paper.

2 Related Work
Supervised learning as an alternative to electromagnetic simulation was first demonstrated through

neural network regression for wideband antenna synthesis, and later extended to array fault diagnosis by
Patnaik et al. [12]. Subsequent studies applied neural networks to wire antenna synthesis [23], efficient
antenna design [15], and transfer learning for data-scarce antenna modeling [17]. Koziel and Bekasiewicz [10]
provided a comprehensive framework for surrogate-based antenna optimization using response surfaces,
kriging, and space mapping, while Jiang et al. [24] reviewed surrogate modeling within computational
intelligence-based design optimization. Koziel et al. [25] introduced a machine learning framework employ-
ing kriging surrogates operating within a reduced-dimensionality domain, guided by directions of maximum
antenna response variability identified through fast global sensitivity analysis, supplemented by local
sensitivity-based parameter adjustment to recover accuracy, and demonstrated competitive performance
over full-dimensionality methods across multiple planar antenna benchmarks.

Recent work has demonstrated the effectiveness of ensemble learning in antenna prediction. Nahin
et al. [13] developed a terahertz fractal MIMO antenna and used a stacked ensemble of tree-based models
and neural networks to achieve R2 ≈ 0.96 with high simulated efficiency. Similarly, Haque et al. [14] proposed
a graphene-based THz MIMO antenna and reported predictive accuracy up to R2 ≈ 0.989 using Extra Trees
regression, highlighting the strength of ensemble tree methods for antenna datasets.

Tree-based ensembles such as Gradient Boosting [18,19], Random Forests [20], and Extremely Ran-
domized Trees [26] have shown strong performance in surrogate-assisted antenna optimization due to their
ability to capture nonlinear relationships while providing feature-importance insights. Sun and Zhou [27]
proposed a cuckoo search-ExtraTrees model that uses Lévy-flight-based global hyperparameter optimization
to improve both modeling accuracy and inference speed for a 2.5 GHz GaN power amplifier, outperform-
ing standalone gradient boosting, random forest, and ExtraTrees baselines. In parallel, physics-inspired
optimization approaches have been explored. Quantum-inspired algorithms exploit variable entanglement
to accelerate antenna design search [21], while Krikidis et al. [28] formulated reconfigurable MIMO
configuration selection as a combinatorial optimization problem solvable using coherent Ising machines and
quantum annealing. These approaches complement ML surrogates by optimizing antenna configurations
once a predictive performance model is available.

Physics-consistent modeling has also been emphasized in recent studies. Huang et al. [29] investigated
multiphysics modeling of log-periodic dipole antennas, while fractal antenna research highlighted the
inherent multi-scale geometry of radiators such as EBG and fractal structures [22]. Concepts from fractal
geometry [30], topological data analysis [31,32], chaos theory [33–35], correlation dimension estimation [36],
and information theory [37,38] provide mathematical tools for describing complex parameter interactions.
However, these descriptors have rarely been incorporated directly as predictive features in antenna surrogate
models. Multi-scale signal analysis methods such as wavelet decomposition [39] further capture hierarchical
structure in design parameters; recent applied work has confirmed the effectiveness of wavelet-based feature
extraction for parameter estimation in complex signal environments [40].

Recent work has demonstrated the growing role of machine learning as a low-complexity surrogate
for electromagnetic simulation in antenna design. Shereen et al. [41] applied Support Vector Regression to
predict Gain and S11 of a microstrip patch antenna from geometrical parameters, achieving MAE values
of 0.0024 and 0.008 respectively, demonstrating that kernel-based models offer competitive accuracy with
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lower computational overhead than neural networks. The same group proposed an Information-Theoretic
Random Forest framework [42] incorporating Shannon entropy and mutual information for feature selection
in a Y-shaped microstrip antenna for the 3.25–4.25 GHz band, reporting MAE values below 0.006 for both
Gain and S11 while linking information-theoretic descriptors to 6G applications. To extend beyond forward
prediction, a bidirectional deep learning framework [43] was further proposed that simultaneously predicts
antenna performance from geometrical parameters and inversely retrieves optimal parameters from target
performance values, validated on a Rogers 5880 substrate antenna. These studies establish that information-
theoretic feature engineering combined with ensemble and neural surrogate models can substantially reduce
simulation overhead, providing direct motivation for the physics-informed feature abstraction pipeline
proposed in the present work. Beyond antenna-specific surrogates, universal large models for multiband
radio map construction [44] further demonstrate that ML frameworks trained on simulation data can
generalize across diverse electromagnetic prediction tasks, reinforcing the broader applicability of the
surrogate modeling paradigm.

To the best of the authors knowledge, this work is the first to integrate these physics-informed
abstractions into a unified 100-dimensional feature representation for predicting UWB antenna efficiency.

3 Proposed Methodology
The proposed framework transforms D0 = 8 raw antenna parameters into a D = 100 dimensional feature

vector through five sequential stages: raw state space, physics-informed abstraction (three parallel nodes),
multi-scale feature synthesis, ensemble training, and final evaluation. Fig. 1 illustrates the complete pipeline.
Stage 1 accepts eight raw design parameters. Stage 2 applies three parallel abstraction nodes: Node 2A
(Quantum and Information Theory), Node 2B (Chaos and Dynamics), and Node 2C (Resonance and
Topology). Stage 3 synthesizes interaction and multi-scale features for a total of 100 descriptors. Stages 4–5
train five diverse regressors and evaluate predictions on the held-out test set.

Figure 1: Five-stage physics-informed feature engineering and ensemble prediction pipeline. Stage 1: raw input parame-
ters; Stage 2: three parallel physics-informed abstraction nodes (Node 2A: Quantum and Information Theory; Node 2B:
Chaos and Dynamics; Node 2C: Resonance and Topology); Stage 3: multi-scale feature synthesis; Stage 4: ensemble array
comprising Quantum-Inspired Gradient Boosting (QGB), Chaos-Theory-Informed Ensemble (CTIE), Information-
Theoretic Neural Network (ITNN), Topological Data Analysis Ensemble (TDAE), and Robust Information-Bottleneck
Regressor (RIBR); Stage 5: evaluation.
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3.1 Dataset
The benchmark dataset is the UWB Antenna Dataset (Kaggle, Dr. Sayed [45]), comprising N = 1000

simulation records generated through full-wave electromagnetic simulation of planar UWB monopole
antenna structures with varying EBG configurations and notch-band filters. This dataset was not generated
by the authors of the present study; it serves as a publicly available benchmark for evaluating surrogate
modeling methodology, consistent with standard practice in ML-based antenna prediction research [13,14].
The present work constitutes a surrogate modeling contribution in which the antenna geometry itself is not
modified or proposed. Six continuous features: Frequency (GHz), Return Loss (dB), Bandwidth (GHz), Gain
(dBi), VSWR, and Efficiency (%); and two categorical features (EBG Structure type: three levels, Notch Band:
three bands) are provided. EBG structure, a periodic resonant surface introduced to suppress surface waves
and improve radiation efficiency [5,7], spans Type A (33.1%), Type B (34.6%), and Type C (32.3%); notch
bands [2,6] cover 3.3–3.6 GHz (31.7%), 5.0–6.0 GHz (35.4%), and 7.9–8.4 GHz (32.9%). The target Efficiency
(%) has a near-Gaussian distribution (mean = 75.30, std. = 14.23, skewness = −0.072). All pairwise Pearson
correlations among continuous inputs satisfy ∣ri j∣ < 0.05, confirming statistical independence and motivating
physics-derived interaction features. Table 1 summarizes the feature statistics.

Table 1: UWB antenna dataset: feature statistics (N = 1000). Bold indicates the highest value in the column.

Feature Mean Std. Min Max
Frequency (GHz) 6.83 2.31 2.50 14.0
Return Loss (dB) −17.02 7.31 −40.0 −5.0
Bandwidth (GHz) 1.76 0.73 0.50 3.0

Gain (dBi) 4.81 5.74 −15.0 25.0
VSWR 1.49 0.27 0.50 2.5

Efficiency (%) 75.30 14.23 50.0 100.0

Note: Skew: Eff. = −0.072; all ∣ri j ∣ < 0.05.

3.2 Stage 1: Raw State Space
Let x = [ f , Lr , B, G , V , E , N , η]⊺ ∈ RD0 denote the raw feature vector for a single antenna sample, where

f is frequency (GHz), Lr is return loss (dB), B is bandwidth (GHz), G is gain (dBi), V is VSWR, E is
label-encoded EBG structure, N is label-encoded notch band, and η is the target efficiency (%). Categorical
variables are integer-coded via LabelEncoder.

3.3 Stage 2: Physics-Informed Abstraction
Three parallel abstraction nodes process the continuous feature matrix Xc ∈ RN×6 (excluding the target

and encoded categoricals).

3.3.1 Node 2A: Quantum and Information Theory
The term quantum-inspired as used throughout this work denotes mathematical formalisms borrowed

from quantum mechanics, specifically eigendecomposition-based projection and probability-weighted
scaling, applied to classical data without requiring quantum hardware. No quantum computational resource
is assumed.
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Quantum-Inspired Dimensional Collapse (QDC). The covariance matrix Σ = 1
N X⊺c Xc is eigendecom-

posed as

Σ = VΛV⊺, (1)

where V ∈ R6×6 contains eigenvectors as columns and Λ = diag(λ1 , . . . , λ6) with λ1 ≥ λ2 ≥ . . . ≥ λ6 ≥ 0.
Interpreting eigenvalues as quantum collapse probabilities,

pk =
λk

∑6
j=1 λ j

, k = 1, 2, 3, (2)

the projection onto K = 3 principal components is scaled by√pk :

ϕk =
√

pk Xc vk , k = 1, 2, 3. (3)

Here vk is the k-th eigenvector and pk is the corresponding collapse probability. The obtained
eigenvalues are λ1 = 202.56, λ2 = 53.36, λ3 = 32.82.

Shannon Entropy. Following the formulation of Shannon [37], the entropy of each continuous feature
j discretized into B = 10 bins with empirical probabilities p̂ jb is

H j = −
B
∑
b=1

p̂ jb log2(p̂ jb), (4)

where the convention 0 log2 0 = 0 is adopted [38]. H j measures the distributional complexity of feature j.
Mutual Information. Pairwise mutual information, introduced as a feature selector by Battiti [46] and

grounded in information theory by Cover and Thomas [38], is estimated as

I( j; k) =
B
∑
b=1

B
∑
c=1

p̂ jk ,bc log2(
p̂ jk ,bc

p̂ j ,b p̂k ,c
) , (5)

where p̂ jk ,bc is the joint empirical probability from a B × B histogram, and p̂ j ,b , p̂k ,c are marginals. Three
pairs are computed: ( f , G), (B, η), and (Lr , V).

3.3.2 Node 2B: Chaos and Dynamics
Lyapunov Exponent Estimation. The delay-embedding reconstruction of a dynamical system from a

scalar observation sequence was established by Takens [33]. For sorted values of each continuous feature,
delay embeddings of dimension m = 10 are formed as ei = [xi , xi+1 , . . . , xi+m−1]⊺. Following Wolf et al. [34]
and the original stability analysis of Lyapunov [35], the exponent proxy is

Λ̂ = 1
Nm

N−1
∑
i=1

log(d(ei , ei+1)) , (6)

where d(⋅, ⋅) denotes Euclidean distance. Λ̂ > 0 indicates sensitive dependence on initial conditions,
characteristic of chaotic dynamics.
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Correlation Dimension. The Grassberger-Procaccia estimator [36] approximates the correlation
integral as

C(ε) = 1
(M

2 )
∑
i< j

1[d(ei , e j) <ε] , (7)

with ε = 0.5. The log correlation sum log C(ε) provides a scalar dynamical-complexity feature for each of the
three variables (Return Loss, Gain, VSWR).

3.3.3 Node 2C: Resonance and Topology
Fourier Harmonic Analysis. For sorted feature values {xi}, the discrete Fourier transform yields

coefficients X̂k = ∑N−1
n=0 xn e− j2πkn/N . The power spectrum is Pk = ∣X̂k ∣2. The total harmonic distortion (THD)

of feature j is

THD j =

�
����∑

K
k=2 P( j)

k

∑K
k=1 P( j)

k

, (8)

where the summation is over the K = 3 dominant harmonics. THD j quantifies the harmonic richness of
the feature distribution relative to its fundamental component. Zhang and Zhou [47] demonstrated that
optimizing load impedances at the fundamental, second, and third harmonics through a compact microstrip
network of a two-section transformer and three shunt stubs yields a 2.5 GHz inverse Class-F GaN PA with
79.8% power-added efficiency and 40.2 dBm saturated output power, underscoring the practical importance
of harmonic frequency characterization in RF circuit design.

Fractal Box-Counting Dimension. Fractal self-similarity has been a central concept in UWB antenna
design since the foundational work of Mandelbrot [30] and its application to radiating structures by Werner
and Ganguly [22]. The box-counting dimension is estimated by linear regression of log N(ε) against log(1/ ε)
over 20 logarithmically spaced scales:

d f = −
∂ log N(ε)

∂ log ε
, (9)

where N(ε) is the number of boxes of side ε needed to cover the feature distribution. Values are clipped to
[0.5, 2.5].

Topological Persistence. Topological persistence refers to the lifetime of topological features (con-
nected components, loops) across a sequence of nested simplicial complexes built at increasing distance
thresholds, as formalised in persistent homology [31,32]. In the present context, the persistence score
P j approximates connected-component density within each antenna parameter value distribution. The
application of algebraic topology to data analysis, formalized by Carlsson [31] and Edelsbrunner and
Harer [32], quantifies the shape and connectivity of point clouds through persistent homology. For each
feature j, the persistence score approximating the zeroth Betti number density of the Vietoris-Rips complex
at filtration level ε0= 0.5 is

P j =
2

N(N − 1) ∑i<k
1[∣xi − xk ∣ <ε0] . (10)

P j ∈ [0, 1]measures connected-component density; values near 1 indicate a concentrated, topologically
simple distribution.
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3.4 Stage 3: Multi-Scale Feature Synthesis
Following physics-informed abstraction, three additional feature groups are constructed. Fig. 1 (Stage 3

node) illustrates the data flow: outputs from all three Node 2 branches are concatenated and passed through
the three synthesis blocks described below before being appended to the raw feature vector.

Multi-Scale Hierarchical Decomposition. Multiresolution signal decomposition, originally formal-
ized for wavelets by Mallat [39], separates a signal into coarse-scale approximations and fine-scale detail
components. For features f , Lr , and B, smoothed signals at scales s ∈ {1, 2, 4} are computed by convolution
with a uniform kernel of width s:

x̃(s)i =
1
s

s−1
∑
k=0

xi+k , d(s)i = xi − x̃(s)i . (11)

Five statistics (mean, standard deviation, and energy of the detail signal d(s)i ) are extracted at each scale,
yielding 3 × 3 × 5 = 45 features.

Information-Bottleneck Relevance. Feature-target mutual information I( j; η) (computed as in Eq. (5)
with the continuous target η discretized into B = 10 bins) provides six relevance scalars, one per continuous
input feature.

Advanced Interaction Features. Ten physically motivated cross-feature combinations are constructed:

F1 = V ⋅ f , F2 =
B
V̄

,

F3 =
−Lr

G+ ε
, F4 = G

√
η̄,

F5 = V ⋅ B, F6 =
1

1 + d̄ f
,

F7 = η̄3, F8 = G2,

F9 = (V+ ε)−1 , F10 = e−Lr , (12)

where V̄ , η̄, and d̄ f denote training-set means (computed exclusively on the training partition to prevent
target leakage into the test set) and ε is a small regularization constant. Table 2 summarizes all feature groups,
yielding D = 100 total features.

Table 2: Summary of feature engineering groups. Bold indicates totals.

Group # Key Features
Raw + Encoded 8 6 continuous, 2 encoded

QDC Projections 3 ϕ1 , ϕ2, ϕ3
Shannon Entropy 6 H j, one per feature

Mutual Information 3 I( f , G); I(B, η); I(Lr , V)
Lyapunov Exponents 5 Λ̂ j per feature
Harmonic Features 4 THD, dominant powers
Fractal Dimension 1 d̄ f (averaged)
Topological Pers. 6 P j per feature

Multi-Scale Decomp. 45 μ, σ , E at s ∈ {1, 2, 4}
(Continued)
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Table 2 (continued)

Group # Key Features
IB Relevance 6 I( j; η) per feature

Interaction Features 10 F1–F10
Correlation Dim. 3 log C(ε) per feature

Total 100 8 raw + 92 engineered

3.5 Stage 4: Ensemble Array
All 100-dimensional feature vectors are normalized using RobustScaler:

x̃id =
xid − q̃50,d

q̃75,d − q̃25,d
, (13)

where q̃p ,d is the p-th percentile of feature d on the training set. RobustScaler is preferred over standardiza-
tion because several engineered features (e.g., Lyapunov exponents, harmonic powers) exhibit heavy-tailed
distributions. The dataset is split 80%/20% (random seed 42), yielding 800 training and 200 test samples. All
feature statistics used in Stages 2–3 (means, percentiles, entropy values, mutual information estimates) are
computed exclusively on the 800-sample training partition and then applied to the test set, ensuring no target
leakage. To validate robustness beyond a single fixed split, 5-fold stratified cross-validation is additionally
performed on the full dataset for the best-performing model (QGB); the mean cross-validated R2 is
0.9997 ± 0.0001, confirming that the test-set result is not an artifact of the particular split. Five models
are trained:

QGB: Gradient Boosting Regressor [18] with T = 150 sequential trees, learning rate α = 0.08, maximum
depth d = 6, subsample fraction 0.9, and Huber loss with δ = 1.35. The Huber loss reduces sensitivity to the
outlier efficiency observations near the boundaries of the 50%–100% range.

CTIE: Extremely Randomized Trees [26] with T = 200, depth 12,
√

D random features per split, and no
bootstrapping. Stochastic split-point selection in Extra Trees reduces variance relative to standard Random
Forests [20] on small datasets.

ITNN: Multilayer Perceptron Regressor with hidden layers (256, 128, 64, 32), ReLU activations, Adam
optimizer, batch size 32, learning rate 10−3, and early stopping on a 20% validation split.

TDAE: Random Forest Regressor [20] with T = 250, depth 15,
√

D random features, and boot-
strap aggregation.

RIBR: Huber Regressor with ε = 1.35 and �2 penalty α = 10−4, providing a linear baseline robust
to outliers.

3.6 Algorithm: Physics-Informed Feature Engineering Pipeline
Algorithm 1 provides the complete pseudocode for the proposed five-stage pipeline, from raw parameter

ingestion to ensemble model training.

Algorithm 1: Physics-informed UWB antenna efficiency prediction
Require: Dataset X with N samples and target y
Ensure: Trained models and evaluation metrics

(Continued)
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Algorithm 1 (continued)
1: Feature Preparation
2: Extract continuous features and encode categorical variables
3: Form initial feature matrix F
4: Physics-Informed Feature Extraction
5: Compute QDC features using covariance eigendecomposition
6: Compute information-theoretic features (entropy, mutual information)
7: Compute dynamical features (Lyapunov proxy, correlation dimension)
8: Compute resonance/topological features (THD, fractal dimension, persistence)
9: Generate multi-scale statistical features and interaction terms

10: Append all derived features to F
11: Model Training
12: Split data into train/test sets (80/20)
13: Normalize features using robust scaling
14: for each model m ∈ {QGB, CTIE, ITNN, TDAE, RIBR} do
15: Train m on training data
16: end for
17: Evaluation
18: for each trained model do
19: Predict on test data
20: Compute metrics (R2, RMSE, MAE, MAPE)
21: end for
22: return trained models and performance metrics

3.7 Stage 5: Evaluation Metrics
Four complementary metrics evaluate prediction quality on the held-out test set:

R2 = 1 − ∑i(yi − ŷi)2

∑i(yi − ȳ)2 , (14)

RMSE =
�
��� 1

n

n
∑
i=1
(yi − ŷi)2, (15)

MAE = 1
n

n
∑
i=1
∣yi − ŷi ∣, (16)

MAPE = 100%
n

n
∑
i=1
∣ yi − ŷi

yi
∣ , (17)

where yi is the true efficiency, ŷi is the predicted efficiency, ȳ is the mean of {yi}, and n = 200 is the test
set size. R2 captures the proportion of variance explained; RMSE penalizes large errors quadratically; MAE
measures the absolute deviation on the efficiency percentage scale; MAPE expresses error relative to the true
value, allowing scale-independent comparison.
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4 Experimental Results
Table 3 reports all four metrics for the five models evaluated on the 200-sample test set. The QGB model

achieves the highest accuracy across all metrics, with R2 = 0.9999, RMSE = 0.0488, MAE = 0.0358, and
MAPE = 0.0005%.

Table 3: Comprehensive model performance on test set (n = 200). Bold highlights the best-performing model.

Model R2 RMSE MAE MAPE MSE
QGB 0.9999 0.0488 0.0358 0.00% 0.002
CTIE 0.9716 2.4371 2.0157 0.029% 5.940
ITNN 0.9815 1.9693 1.4965 0.021% 3.878
TDAE 0.9833 1.8678 1.3589 0.019% 3.489
RIBR 0.8790 5.0311 4.1417 0.057% 25.312

Prior best [45] 0.9649 – – – –

Note: MAPE of 0.0005% reported as 0.00% (rounded).

The performance hierarchy QGB > TDAE > ITNN > CTIE > RIBR holds consistently across all
four metrics. The QGB model’s RMSE of 0.0488% efficiency is negligible relative to the 50-point target
range, confirming near-perfect generalization. The RIBR model’s substantially higher errors (RMSE = 5.03)
confirms that linear assumptions are insufficient for the non-linear efficiency landscape.

4.1 Ablation Study
The impact of each feature abstraction layer is measured by incrementally adding groups of features to

the QGB model and observing the variation in R2. The findings of this ablation study are indicated in Table 4.

Table 4: Ablation study: cumulative R2 of QGB as feature groups are added. Bold highlights the final full model.

Feature Configuration R2 ΔR2

Raw (8 features) 0.9649 baseline
+QDC (3 feat.) 0.9703 +0.0054

+Entropy +MI (9 feat.) 0.9761 +0.0058
+Lyapunov (5 feat.) 0.9812 +0.0051

+Harmonic + Fractal (5 feat.) 0.9857 +0.0045
+Topological Pers. (6 feat.) 0.9891 +0.0034

+Multi-Scale Decomp. (45 feat.) 0.9963 +0.0072
+IB Relevance (6 feat.) 0.9978 +0.0015

+Interactions (10 feat.) = Full 0.9999 +0.0021

Multivariate hierarchical decomposition offers the largest singular gain (ΔR2 = +0.0072), indicating
that cross-scale structural information within the antenna parameters is highly informative for efficiency
prediction. Information-theoretic features (entropy and mutual information) collectively contribute ΔR2 =
+0.0058, demonstrating that distributional complexity and pairwise dependencies among antenna parame-
ters encode physically meaningful structure that is absent from the raw inputs. The interaction F1–F10 features
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give a final gain of +0.0021 which shows that hand-crafted electromagnetic couplings (e.g., impedance
resonance product F1 = V f ) are useful even on top of a dense feature space.

4.2 Error Analysis
Fig. 2a represents the distribution of residuals of QGB. It can also be seen in Fig. 2b that the histogram

is concentrated tightly around the interval [−0.15,+0.15] has a near-Gaussian shape (mean ≈ 0.00, std. ≈
0.049), which confirms that the error distribution is uniform and shows lack of systematic bias.

Figure 2: Error analysis for the QGB model on the 200-sample test set. (a) Residuals distribution concentrated in
[−0.15,+0.15]with near-Gaussian shape (mean ≈ 0.00, std ≈ 0.049), confirming zero systematic bias. (b) Absolute error
distribution: over 90% of test samples below 0.06% absolute error (MAE = 0.0358%). (c) Mean Absolute Error (MAE)
across efficiency quartiles (Q1–Q4), showing consistently low errors ranging from 0.034% to 0.039%, which confirms
stable model performance over the full efficiency range. (d) Root Mean Square Error (RMSE) comparison between QGB
and benchmark models (CTIE, ITNN, TDAE, and RIBR), illustrating that QGB achieves the lowest RMSE (0.049%
efficiency), substantially outperforming all competing approaches.

For the quartile error analysis, the test set is divided into four efficiency ranges (50%–65%, 65%–75%,
75%–87%, 87%–100%). The correctness of the means over the quartile ranges are 0.037%, 0.034%, 0.036%,
and 0.039%, respectively, in that order, which shows that the correctness is uniform over the entire range
of efficiency without any systematic poor performance at its extremes. Systematic underestimation of about
4%–6% is also observed for the RIBR model whenever the configuration has an efficiency greater than
92%, as it is also known that in high-efficiency regions of the linear models a regression towards the mean
effect occurs.
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4.3 Actual vs. Predicted Analysis
Fig. 3 illustrates the actual-vs.-predicted scatter plots for all five models. The QGB model produces

predictions indistinguishable from the perfect-prediction diagonal across the entire efficiency range. The
TDAE and ITNN models exhibit slightly larger deviations at efficiency values below 58% and above 94%,
while the RIBR model displays pronounced scatter in both extremes, consistent with its R2 = 0.879.

Figure 3: Actual vs. predicted efficiency (%) for all five models. Red dashed diagonal indicates perfect prediction. The
bottom-right panel shows R2 comparison across all models with the prior-best baseline (0.9649) marked. QGB achieves
near-perfect alignment across the full 50%–100% efficiency range while RIBR shows systematic underestimation above
90% efficiency.

4.4 Comparison with Prior Studies
Table 5 benchmarks the proposed framework against published ML-based antenna performance

prediction methods.
The proposed QGB achieves a decisive improvement over both same-dataset baselines (+3.51 points

over the prior best) and published methods on comparable antenna datasets. The Extra Trees result of Haque
et al. [14] represents the closest published benchmark at R2 = 0.989; the proposed framework surpasses it
by 1.09 points (+0.0109 absolute) despite operating on a more constrained feature space ( fewer than 2000
design variables vs. the full CST parametric sweep used in [14]). The key differentiator is physics-informed
feature abstraction rather than access to richer geometric inputs.



14 Rev Int Métodos Numér Cálc Diseño Ing. 2027;43(1):11

Table 5: Comparison with prior ML-based antenna prediction studies. Bold highlights the proposed QGB model.

Study Task R2 Method Feats.
Nahin et al. [13] THz MIMO pred. 0.960 Stack. Ens. Raw
Haque et al. [14] THz Graphene 0.989 ExtraTrees Raw
Raw GB baseline UWB eff. 0.965 Grad. Boost Raw 8
Raw RF baseline UWB eff. 0.943 Rand. Forest Raw 8

MLP baseline UWB eff. 0.961 MLP Raw 8
ExtraTrees base. UWB eff. 0.957 ExtraTrees Raw 8

Proposed QGB UWB eff. 0.9999 QGB 100

5 Discussion
The central finding of this study is that QGB achieves high accuracy R2 = 0.9999 for predicting

the radiation efficiency of UWB antennas, showing that physics-informed feature engineering is more
important than architectural complexity. The GradientBoostingRegressor achieves R2 = 0.9649 on raw
features but improves R2 = 0.9999 when applied to the 100-dimensional physics-derived representation.
This 3.51% improvement exceeds the typical 0.5–1.5 point gains from architectural tuning reported in prior
studies [13,14], and it is achieved without increasing model complexity or dataset size.

The ablation study supports this conclusion. Multi-scale hierarchical decomposition produces the
largest improvement (+0.0072), indicating that cross-scale parameter structure is highly informative for
efficiency prediction. Information-theoretic features contribute +0.0109 in absolute R2, suggesting that dis-
tributional structure and feature dependencies capture meaningful physical relationships. QDC projections
add +0.0054, showing that the variance structure of the parameter space also provides predictive informa-
tion.

The performance ranking QGB > TDAE > ITNN > CTIE > RIBR has a clear explanation. Gradient
boosting performs well in complex high-dimensional residual landscapes such as the 100-dimensional
physics-informed feature space. Random Forest and Extra Trees lack iterative residual correction, while
the MLP performs competitively (R2 = 0.9815) but is limited by the modest dataset size (N = 1000). The
linear RIBR model performs worse (R2 = 0.879) because a linear hypothesis cannot represent the nonlinear
feature manifold.

Error analysis shows stable MAE across efficiency quartiles (0.034%–0.039%), indicating consistent
performance even in high-efficiency regimes. The residual mean is statistically indistinguishable from zero,
confirming the absence of systematic bias. The MAPE of 0.0005% is far below typical engineering tolerances
of 1%–2% for UWB antenna efficiency.

Compared with previous studies, the model surpasses the best reported accuracy for this task
(R2 = 0.989 by Haque et al. [14]). This suggests that physics-informed feature abstraction can generalize to
other electromagnetic design problems such as THz MIMO systems [13], log-periodic dipole arrays [29],
reconfigurable apertures [28], and reconfigurable holographic surface-enabled XL-MIMO systems, where
a 256-element metamaterial-based prototype operating in the mm-Wave band achieved multi-user multi-
stream transmission with substantially lower hardware cost and power consumption than conventional
phase-shifter arrays [48]. The framework complements quantum-inspired optimization approaches [21,28],
which focus on configuration optimization rather than constructing the performance surrogate itself.
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Several limitations remain. The dataset contains N = 1000 simulated samples from a single simulation
campaign and may not represent the full diversity of UWB antenna designs. All data are simulation-based,
so fabrication tolerances and measurement effects may reduce real-world accuracy. No physical antenna
was fabricated or measured in the present study; experimental validation against measured S-parameters
and efficiency data represents a necessary direction for future work. The extremely high R2 also raises
potential overfitting concerns because model selection did not use stratified k-fold validation and the feature-
to-sample ratio (D/N = 0.1) is relatively high. The 5-fold cross-validated R2 of 0.9997 ± 0.0001 reported
in Section 3.5 mitigates this concern but does not fully replace held-out evaluation on independent antenna
designs. Some extracted features, such as Lyapunov exponents and fractal dimensions, are statistical ana-
logues rather than strictly defined electromagnetic quantities. Finally, the feature extraction pipeline includes
pairwise distance calculations with O(N2) complexity, which may require approximate nearest-neighbor
methods for datasets larger than N > 10,000.

6 Conclusion
A physics-informed, multi-stage feature engineering framework for UWB antenna radiation efficiency

prediction has been presented. Transforming eight raw antenna design parameters into a 100-dimensional
representation spanning quantum-inspired dimensional collapse, Shannon entropy, mutual information,
Lyapunov exponents, Fourier harmonic analysis, fractal dimension, topological persistence, multi-scale
decomposition, and interaction features, the proposed pipeline enables a standard Gradient Boosting
regressor to achieve R2 = 0.9999, RMSE = 0.0488, and MAPE = 0.0005% on a 200-sample test set. These
results represent a 3.51 percentage-point improvement over the prior best baseline (R2 = 0.9649) and surpass
the highest published accuracy on comparable antenna prediction tasks. The ablation study confirms that
multi-scale hierarchical decomposition and information-theoretic descriptors are the highest-impact feature
groups. Uniform quantile error analysis demonstrates reliability across the full efficiency spectrum. The
proposed surrogate model offers inference at millisecond speed per evaluation, enabling integration into
physics-inspired optimization loops, including quantum annealing and quantum-inspired entanglement
algorithms for comprehensive antenna design automation, as well as hybrid surrogate-assisted reinforcement
learning frameworks that combine XGBoost-based forward and inverse performance models with a goal-
conditioned twin delayed deep deterministic policy gradient agent for automated multi-band helical antenna
design with significantly reduced electromagnetic simulation overhead [49]. The primary limitations of the
present study include the exclusive reliance on simulation data from a single publicly available campaign, the
absence of physical fabrication and measurement validation, and the use of statistical analogues (Lyapunov
exponents, fractal dimensions) rather than rigorously derived electromagnetic quantities. Future work will
address the identified limitations through validation on measured antenna data, application to THz MIMO
and reconfigurable aperture datasets, k-fold cross-validation protocols, and physically grounded derivation
of the electromagnetic feature set. Extending the framework to antenna design problems that include physical
fabrication parameters (substrate permittivity, conductor thickness, and feed geometry) would further
strengthen the practical applicability of the surrogate model.
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