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Abstract

This work explores a novel approach for the automatic de-
sign and optimization of unit cells (UCs) via kernel-based
machine learning regression. Traditional UC optimization
relies on brute-force full-wave simulations, which are com-
putationally expensive and time-consuming. The proposed
method uses the Least-Squares Support Vector Machines
(LS-SVM) regression to build surrogate models, enabling
the efficient design space exploration. The optimal UC
geometry obtained by the proposed optimization method-
ology is then validated through the complete design of a
three-layer Transmitarray Antenna (TA), achieving a 32 dB
peak gain at 30 GHz with approximately 50% efficiency, a
1-dB bandwidth of 14%, and a 3-dB bandwidth of 28%.

1 Introduction and Motivation

The increasing demand for advanced antenna technologies
in evolving scenarios such as 5G/6G, small satellites, SAT-
COM on the move, automotive radar, and surveillance radar
has shifted the focus from traditional microwave frequen-
cies to millimeter-wave bands, often requiring wideband,
multi-band, or reconfigurability. Reflectarray (RA) [1]-
[3] and Transmitarray (TA) [4]-[7] antennas have emerged
as promising solutions, offering planar or flexible designs,
cost-effectiveness, ease of fabrication, high efficiency, and
precise control over amplitude, phase, and polarization.

At the core of these technologies, including more recent
radiating surfaces such as Smart Electromagnetic Skins
(SESs) [8], lies the design of the Unit Cell (UC), which is
dictated by application-specific technological and electro-
magnetic requirements. Typically, UC optimization relies
on a brute-force approach using full-wave simulations, a
process that can take days or even weeks to achieve optimal
performance, making the overall design highly inefficient
and time-consuming.

In this scenario, Machine Learning (ML) approaches can
be seen as promising solutions to reduce the computational
cost of the overall optimization task [7, 9, 10, 11]. The un-
derlying idea is to use supervise data-driven ML techniques
to build an accurate and fast-to-evaluate surrogate model
able to approximate the behavior of a generic EM paramet-
ric structure provided by full-wave simulations [7, 10, 13].
The above surrogate model is built via ML regressions (e.g.,

kernel methods, artificial neural networks, etc.) from the
results of a “small” set of parametric simulations of the
considered EM structure [13, 14]. The obtained surrogate
model is available in closed-form, and thus it can be suit-
ably employed within the optimizer iterations [10, 13], as
an extremely efficient alternative to the more computation-
ally expensive full-wave simulations.

In this work, the choice to apply the surrogate model to a
UC for the design of a Transmitarray Antenna is motivated
by the complexity of designing such cells [7]. This com-
plexity arises from the need to manage multiple parameters
at the same time (eg. S21 and S11) and the critical trade-
off between radiation performance and cost. For instance,
achieving optimal performance typically requires more than
four layers or the introduction of vias, which make the an-
tenna structure more complex and expensive [4]. Specifi-
cally, a kernel regression, such as the Least Square Support
Vector Machine (LS-SVM) regression [12, 14] is used to
build a surrogate model for the S21 and S11 of the UC el-
ement as a function of two geometrical parameters. The
models are trained using the results of a set of full-wave
simulations. The obtained surrogate models are then used
to efficiently optimize the geometry of considered UC to
achieve the best radiative performance while keeping the
problem complexity low and reducing the antenna cost
(e.g., considering only three layers in a TA structure).

2 Proposed Method for Unit Cell design

The Unit Cell proposed here, shown in Fig.1, consists of
three identical layers, separated by a spacing S ≃ λ0/4.
Each layer is composed of a conductive metallic circu-
lar ring-shaped slot, deposited on a dielectric substrate of
the same shape with a thickness t = 0.125 mm, a rela-
tive dielectric constant εr = 3, and losses tanδ = 0.005.
Rmax = 2.5mm defines the outer radius of the ring gap and
is kept constant. Rmin is the inner radius of the slot, g repre-
sents the width of the metallic gap between the ring slot and
the surrounding metal, and p = 5.55 mm is the periodicity.

The UC has been implemented as an embedded element in
a periodic lattice in CST Microwave Studio™, performing
a Floquet analysis in the frequency domain. This analysis
provides the magnitude and phase response of the transmis-
sion coefficient S21, which are used to maximize the trans-
mitted field and compensate for the phase delay of the im-



Figure 1. Sketch of the proposed unit cell.

pinging spherical wave on the TA to produce the desired
beam pattern. Such compensation is controlled by the ge-
ometrical parameter Rmin that can be varied in an interval
of [0.2,2]mm, while the gap g has to be optimized to mini-
mize the magnitude S11 as much as possible, to avoid a low
Front-to-back ratio. Its range variation has been chosen to
be [0.2,0.8]mm, due to manufacturing aspects. The com-
plete design has been carried out in the Ka-band at f0 = 30
GHz.

2.1 Surrogate Model

The previously described simulation framework is used to
generate the training and test sets required to construct sur-
rogate models that approximate the relationship between
the input parameters g and Rmin and the three outputs of
interest, i.e., the magnitude and phase of S21, and the mag-
nitude of S11. To this aim, the considered input param-
eters are modeled as independent uniform random vari-
ables: g ∼ U(0.2,0.8)mm and Rmin ∼ U(0.2,2)mm. A
Latin hypercube sampling is applied to generate 300 ran-
dom samples, which are then used as input to run the cor-
responding full-wave simulations. The resulting dataset
consists of input-output pairs {(xxxk,yyyk)}300

k=1, where xxxk =
[gk,Rmin,k]

T represents the k-th input configuration, and
yyyk = [∠S21,k, |S21,k|, |S11,k|]T collects the corresponding out-
puts.

A subset of 250 randomly selected samples is used as train-
ing set D = {(xxxl ,yyyl)}L=250

l=1 , while the remaining 50 sam-
ples serve as test data to assess the accuracy of the models.
The training set D is then used to train a scalar surrogate
model for each of the 3 outputs via the LS-SVM regres-
sion [14, 12], which in its dual formulation writes:

M̃(xxx) =
L

∑
l=1

βlk(xxxl ,xxx)+b, (1)

where βl are the regression coefficients estimated during the
model training, k(·, ·) is the kernel function and b is the bias
term.

The LS-SVM regression in (1) is used in this work as it pro-
vides a non-parametric model with L unknown coefficients
[β1, . . . ,βL]

T , making the surrogate model independent of
model complexity and input dimensionality. Its unknowns
are efficiently estimated via a convex optimization problem

requiring only the inversion of a square matrix [14, 12], of-
fering advantages in training time and accuracy, particularly
when limited training data is available.

A Gaussian RBF kernel function is used within the MAT-
LAB LS-SVMLab Toolbox version 1.8 [15] to train a scalar
surrogate model for each output. Specifically, the surrogate
models M̃1, M̃2, and M̃3 are trained for ∠S21, |S21| in dB,
and |S11| in linear scale, respectively.

All three surrogate models achieve high accuracy on the
test set, with an R2 score greater than 0.94. This accuracy
is further validated by the parametric plots in Fig. 2, show-
ing the modeled prediction surfaces (gray area) predicted
via the surrogate models for ∠S21, |S21| (dB) and |S11| (lin-
ear scale), as functions of the input parameters g and Rmin,
along with training (black dots) and test (red dots) samples.
The results demonstrate the effectiveness of the proposed
modeling approach and its reliability for optimization, as
most of the training and test data are accurately approxi-
mated by the proposed surrogates.

2.2 Unit Cell Optimization

The obtained surrogate models provide an efficient alterna-
tive to computational expensive full-wave parametric sim-
ulations for optimizing the geometry of the considered UC
in Fig. 1. The overall optimization problem is formulated
as the search for the optimal parameter g that satisfies the
following objectives: (i) maximize the maximum excursion
of ∠S21, (ii) maximize the average value of |S21|, (iii) mini-
mize the average value of |S11|, all evaluated over the range
of Rmin within [0.29,1.9].

After scalarization, the above multi-objective optimization
problem is reformulated as a scalar optimization problem:

g∗ = argmin
g

w1 f1(g)+w2 f2(g)+w3 f3(g),︸ ︷︷ ︸
f (g)

(2)

where the normalized cost functions f1, f2, and f3 are de-
rived by standardizing their unnormalized counterparts f̃1,
f̃2, and f̃3, respectively. These unnormalized functions are
computed using the surrogate models as:

f̃1(g) = max
Rmin∈S

{M̃1(g,Rmin)}− min
Rmin∈S

{M̃1(g,Rmin)} (3)

f̃2(g) =
1
|S| ∑

Rmin∈S
M̃2(g,Rmin) (4)

f̃3(g) =
1
|S| ∑

Rmin∈S
M̃3(g,Rmin) (5)

where the set S = {Rmin,1, . . . ,Rmin,N} contains N discrete
values of Rmin uniformly spaced within the considered in-
terval.. The weight factors are chosen as w1 = 2, w2 = 1,
and w3 =−1 to prioritize the phase excursion while ensur-
ing the minimization of S11.



Figure 2. Parametric plots for ∠S21, |S21| (dB), and |S11| (linear scale). The surfaces predicted by each surrogate model (gray
area) are shown as functions of g and Rmin, alongside the considered training (black dots) and test (red dots) samples.

Figure 3. Optimization function f (g) computed over 100
discrete values of g in the interval [0.23,0.77]. The optimal
value of the design parameter is g∗ = 0.42 mm, as deter-
mined from the results.

Figure 3 illustrates the overall optimization function f (g),
computed over 100 discrete values of g uniformly spaced
within the interval [0.23,0.77]. From these results, the opti-
mal value of the design parameter is found to be g∗ = 0.42
mm.

It is worth noting that the entire optimization process re-
quired 50× 100 = 5000 evaluations of the three surrogate
models, with a total computational cost of only 84s. In con-
trast, a single full-wave simulation for a fixed value of g and
Rmin requires 214s, meaning that performing 5000 simula-
tions would take approximately 12 days. This highlights
the significant efficiency gain achieved through surrogate
modeling.

3 Transmitarray Design and Results

The final optimized UC has been assessed through the de-
sign of a TA antenna. The considered geometry is sketched
in the inset of Fig. 4: the aperture is square, with a side of
D = 16.1λ0, while the feed is the circular horn introduced
in [16], [17], whose radiation pattern can be modeled as a
cosq f (θ) function with q f = 12.5 and it is located at a fo-
cal distance of ≈ 0.95D from the TA surface to achieve an
edge taper of -10 dB. The TA is designed to radiate a pencil
beam in the broadside direction. It is worth noting that, due
to the nature of the UC, comprising only three layers and
very thin substrates, the overall antenna structure is highly
compact, with a total radiating surface thickness of approx-
imately 0.5λ0.

Figure 4. E- and H- planes radiation patterns. Inset: sketch
of the Transmitarray layout with its 3D Radiation Pattern at
30 GHz

Figure 5. Gain and efficiency variation as a function of
frequency.

The numerical analysis of the antenna was performed us-
ing a full-wave approach with the Time Domain Solver.
Fig. 4 shows the radiation patterns computed at f0 in the
two principal planes. As can be seen, a well-defined pencil
beam radiating in the broadside direction is achieved, with
low Side Lobe Levels (SLLs) of approximately -20 dB in
both principal planes. Moreover, a particularly interesting
feature is the behavior of the gain and, consequently, the
efficiency as a function of frequency, as shown in Fig. 5.
The maximum gain is 32 dB at the central frequency f0,
leading to an efficiency of approximately 50%. The com-
puted 1-dB bandwidth is found to be 14%, while the 3-dB
bandwidth is 28%. These results are very promising, as the
optimized unit cell (UC) ensures outstanding radiation per-
formance even though the provided phase range of ∠S21 is



limited to approximately 270◦. This limitation leads to a
distributed phase error along the transmitting surface. This
result allows antenna designers to achieve high radiation
performance without paying the price of reduced quality
when opting for a low-cost structure. In fact, the proposed
antenna consists of only three layers, ensuring both sim-
plicity and cost-effectiveness while maintaining excellent
performance.

4 Conclusion

This work investigates the performance of a novel approach
for the automatic design and optimization of unit cells
(UCs) using kernel-based machine learning regression. The
proposed optimization method demonstrates significant ef-
ficiency gains compared to the computational cost of re-
peated full-wave simulations. The final UC design was val-
idated through the complete design of a three-layer Trans-
mitarray Antenna, achieving a peak gain of 32 dB at 30
GHz, 50% efficiency, 14% 1-dB bandwidth, and 28% 3-dB
bandwidth, confirming its excellent radiation performance.
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