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Abstract—Utilization of electromagnetic (EM) simulation tools
is mandatory in the design of contemporary antenna structures.
At the same time, conducting designs procedures that require
multiple evaluations of the antenna at hand, such as parametric
optimization or yield-driven design, is hindered by a high cost of
accurate EM analysis. To certain extent, this issue can be
addressed by utilization of fast replacement models (also referred
to as surrogates). Unfortunately, due to curse of dimensionality,
traditional data-driven surrogate modeling methods are limited to
antenna structures described by a few parameters with relatively
narrow parameter ranges. This is by no means sufficient given the
complexity of modern designs. In this paper, a novel technique for
surrogate modeling of antenna structures is proposed. It involves
a construction of two levels of surrogates, both realized as kriging
interpolation models. The first model is based on a set of reference
designs optimized for selected performance figures. It is used to
establish a domain for the final (second-level) surrogate. This
formulation permits efficient modeling within wide ranges of
antenna geometry parameters and wide ranges of performance
figures (e.g., operating frequencies). At the same time, it allows
uniform allocation of training data samples in a straightforward
manner. Our approach is demonstrated using two microstrip
antenna examples and compared to conventional kriging and
radial basis function modeling. Application examples for antenna
optimization are also provided along with experimental validation.

Index  Terms—Antenna  design, surrogate modeling,
approximation models, simulation-driven design, kriging
interpolation.

L INTRODUCTION

ontemporary antenna structures need to satisfy more and

more stringent specifications concerning both electrical
and field performance. Furthermore, increasing demands are
imposed concerning simultaneous achievement of multiple
objectives, realization of additional functionalities (multi-band
operation [ 1], band notches [2], circular polarization [3], etc.),
as well as maintaining small physical dimensions [4]. Fulfilling
these demands requires development of non-standard antenna
geometries which are topologically complex and described by
a large number of parameters. Clearly, only full-wave
electromagnetic (EM) analysis is capable of providing reliable
evaluation of such designs. While EM simulation is not a
problem for one-time design verification, massive simulations
required when carrying out tasks such as parametric
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optimization [5], statistical analysis [6], or robust (tolerance-
aware) design [7], [8], create a serious practical challenge. The
need of incorporating environmental components such as
connectors, housing, etc., only adds to already high
computational costs. Due to the structural complexity of
modern antennas, experience-driven parameter sweeping as a
way of parameter tuning is inferior to automated optimization.
The latter, however, is often impractical when using
conventional methods, both local [9] and global [10], [11].
Addressing these issues led to development of several
techniques that offer improved computational efficiency. One
of these is utilization of adjoint sensitivities within gradient-
based optimization frameworks [12], [13], which is not
widespread primarily because of a limited support for this
technology in commercial simulation software packages.
Another class of methods are surrogate-assisted algorithms
where computational burden is cast into cheaper representations
of the antenna at hand. The two major groups of surrogates are
physics-based ones (space mapping [14], response correction
techniques [15]-[18]) and data-driven models [19], [20].
Computational savings can also be obtained by exploiting a
particular structure of the system response (feature-based
optimization [21]).

In general, utilization of surrogate models allows for
alleviating difficulties related to high cost of extensive EM
simulations. In a strictly optimization context, surrogates are
often constructed locally (along the optimization path). For
generic purposes, global or quasi-global models are needed,
which are supposed to be valid over the entire parameter space
or a large portion thereof. Because of low evaluation cost and
versatility, data-driven surrogates constitute the most popular
class of models. Widely used techniques include polynomial
regression [22], kriging [23], radial basis function interpolation
[23], Gaussian process regression [24], neural networks [25],
and support vector regression [26]. Unfortunately, the number
of training data points necessary to construct a reliable
surrogate (in many applications, RMS error below 5 percent is
considered sufficient [27]) increases rapidly with the design
space dimensionality but also the parameter ranges, which is a
common disadvantage of approximation modeling. The latter
problem is actually of higher importance because in order for
the surrogate to be useful in a design work, it should cover a
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decent range of operating condition variability (and,
consequently, be valid within wide range of geometry/material
parameters).

Data-driven models are normally set up in the domains
defined by lower and upper bounds for the problem parameters.
From the designer’s perspective, vast majority of such domains
are uninteresting because they contain designs that are poor
with respect to whatever performance figures may be
considered. For example, re-designing a multi-band antenna for
various operating frequencies requires joint tuning of multiple
parameters to maintain resonances at sufficient depths or
operating bands at sufficient widths. Identification of the
parameter space regions that contain good designs may save a
lot of computational effort when setting up a surrogate. In [28],
a constrained modeling technique has been proposed, in which
the computational savings are achieved by restricting the model
domain to a vicinity of a manifold spanned by a set of reference
(base) designs. These designs could be pre-existing (e.g., from
the previous design work with the same structure) or optimized
specifically with respect to selected performance figures (e.g.,
operating frequency, bandwidth, etc.). Domain restriction
permits construction of approximation models within higher-
dimensional spaces without formally limiting the ranges of
geometry parameters. In [29], the method [28] has been
generalized for an arbitrary number of performance figures and
an arbitrary allocation of the base designs. Despite the
mentioned advantages, the constrained modeling techniques are
rather complex in terms of the surrogate model domain
geometry, applications in design optimization (implicit domain
definition makes it problematic to maintain feasibility of
solutions in the course of the optimization run), as well as
design of experiments (uniform sampling of constrained
domain is a non-trivial task [29]).

This paper proposes a novel performance-driven surrogate
modeling approach. Our technique is based on a nested kriging
interpolation. The first-level model maps the figures of interest
(or objective) space into the geometry parameter space of the
antenna in order to establish the surrogate model domain. The
domain is defined as the objective space image through the
first-level mapping orthogonally extended to provide it with
non-zero “thickness”. Subsequently, the second-level model is
constructed over that domain to represent the antenna
responses. Although the proposed methodology shares a similar
concept of constrained modeling with the techniques of [28]
and [29], it is significantly different from these in the following
respects, thus constituting an important technical novelty and
bringing contributions: (i) the mapping between the objective
space and surrogate domain is surjective (and even
homeomorphic under mild assumptions concerning the domain
“thickness”), (ii) the surrogate domain has a regular geometry
which is a continuous image of a unit hypercube, (iii) uniform
allocation of training data samples is straightforward (as a
consequence of (ii)), (iv) antenna optimization within the
surrogate model domain is also straightforward as the domain
is defined explicitly (as opposed to [28] and [29]). The
surrogate modeling approach introduced here is demonstrated
using a dual-band uniplanar dipole antenna and a ring slot

antenna. In both cases, accurate models are constructed for wide
ranges of operating conditions (operating frequencies for the
dipole antenna and center frequency and substrate permittivity
for the slot antenna) and geometry parameters using small
training sets. Predictive power improvement over the
benchmark methods is shown to be dramatic. Applications of
the surrogates to antenna optimization as well as experimental
validation of selected designs are also provided.

II. PERFORMANCE-BASED NESTED KRIGING MODELING

Conventional  approximation-based  surrogates  are
constructed in regular domains, typically being intervals
(hypercubes), defined by lower and upper bounds for design
variables. Handling such domains is straightforward. This
includes allocation of training data samples: most of design of
experiments techniques [30]-[32] have been developed for
interval-type sets. At the same time, due to complex interactions
between geometry parameters of antenna structures, design that
are “good”, that is, optimal with respect to any particular
performance figures of choice, are concentrated within small
subsets (low-dimensional manifolds) [29]. This means that vast
majority of hypercube-like domains contain uninteresting
designs. Consequently, constraining the modeling process to
the “promising” regions may allow us to significantly reduce
the training data set required to construct the model while
maintaining its good predictive power.

This section outlines the proposed modeling approach. The
fundamental concept is to identify the “promising” region of the
parameter space and build the surrogate within it. This is
explained on a generic level in Section II.A. Section IL.B
provides particulars concerning practical realization of the
concept using a set of reference designs. A formal definition of
the surrogate domain, the nested modeling framework, and the
uniform sampling procedure are described in Sections II.C
through ILE.

A. Objective Space and Geometry of Optimum Design Sets

We denote by X the parameter space defined in a usual
manner, i.e., using the lower and upper bounds on design
variables I <x <u, where x =[x1 ... x,], [=[l ... I,]", u =1
vy, or X=[h wi] x ... x [y u]. Let i, k=1, ..., N, denote
the figures of interest to be considered in the design process (e.g.,
operating frequencies of a multi-band antenna). The objective
space F'is defined by the ranges (lower and upper bounds) for the
figures f, femin <fi? < fimaw, k=1, ..., N, i.e., we have F = [fi min
Simax] X ... X [fmin fvmax]. Further, let U be the scalar objective
function such that

U, (f)=argminU(x, f) (H

is the optimum design of the antenna at hand for a given vector
of figures of interest f. For example, if fis a vector of operating
frequencies of a multi-band antenna, U(-) may be defined as —
min{B,...,By}, where B; is the fractional operating bandwidth
corresponding to the operating frequency f;. In that case, U(f)
will be a design that maximizes the antenna fractional
bandwidths while allocating them at the required frequencies f.
The image U(F) of the objective space F is an N-dimensional
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manifold in the parameter space X as illustrated in Fig. 1. From
the point of view of antenna design, only Uf(F) is of interest
when considering the performance figures fi through fy. A
practical problem is of course identification of this set and
constructing the surrogate model within Uf(F). This is the
subject of the proposed modeling framework as explained in the
remaining part of this section.

B. Reference Designs and Level I Surrogate

Identification of the manifold U(F) is realized here using a
set of reference designs X € U(F),j =1, ..., p, optimized with
respect to the performance figure vectors f = [/ ... A9]. In
other words, x¥) = U(f%), i.e., it is a solution to (1) with the
objective function U(x, f9). It should be noted that the reference
designs may be available beforehand (from the previous design
work on the same structure) or obtained specifically for the
purpose of surrogate model construction.

In order to approximate the manifold U(F), the first-level
surrogate s,(f) is constructed, which maps the objective space F’
into the parameter space X. Here, it is implemented as a kriging
interpolation model [23] with {f) x¥)} being the training set. The
conceptual illustration of s,(-) is shown in Figs. 2(a) and 2(b).

C. Surrogate Model Domain

It should be emphasized that s(F) — X is only an
approximation of the manifold U(F), obtained using limited
information (here, the reference designs). In order to ensure that
the entire manifold is a proper subset of the surrogate model
domain to be constructed, certain “thickness” has to be
provided by extending s;(F) in all orthogonal directions to it.

We denote by {(v,?(}, k=1, ..., n — N, an orthonormal
basis of vectors normal to s/F) at f. Moreover, we define Xmax
=max{x® k=1, ..., p} and xmin = min{x®, k=1, ..., p}, and
d; = Xmax — Xmin as the range of variation of antenna geometry
parameters within s(F). Let D be a user-defined thickness
parameter. Using this notation, we define extension coefficients
as follows:

r_D T_
a(f)=La(f) -, (T = 2|V, F) o
=2 ]
b X3

5 2

S v
Ul) X
;o .

Somin F o U(F)

Simin Simx  fi

Fig. 1. The objective space F (left panel) and the design space X (right panel).
The image U(F) of F' is an N-dimensional manifold in X (here, N = 2), which
contains designs that are optimal with respect to the figures of interest f; through
fv. From design purposes point of view, the surrogate modeling process can be
restricted to U(F) without any loss of information concerning designs of
interest with respect to the selected figures of interest.
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Fig. 2. The concept of nested kriging modeling (here, illustrated for two figures
of interest and three-dimensional parameter space): (a) reference designs and
objective space F; (b) the image s/(F) first levels surrogate model and the
normal vector v;® at f%9; (c) manifolds M_and M. as well as the surrogate model
domain Xs defined as orthogonal extension of s;(F).

Here, the matrix V, consists of the vectors v,¥(f) (as its
columns).

The coefficients of (2) determine the boundaries of the
surrogate model domain Xs, which is allocated between the
following two manifolds:

M={xeX:ix=s,(f)-T aWp) O
and

M, ={xeXix=s,(f)+ 20 a. (W) “)
In other words, we have

Jx=s D+ T aa O f e, )

N
-1<4 <Lk=1l.,n—N

Thus, the domain Xs is defined as a set of all points of the
form x = s/(f) + 2k =1....n- v Aa(H)v(f) with f e Fand -1 < 44
<l,fork=1,...,n—N.

The concept of orthogonal extension of s;(F) has been
graphically illustrated in Figs. 2(b) and 2(c). It should be noted
that the thickness parameter D determines the “amount” of the
orthogonal extension of s;(F) (into the manifolds M_ and M),
or, in other words, the lateral size of the surrogate model
domain in relation to the tangential size of s/(F).
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D. Level Il Surrogate

The second-level surrogate is a kriging interpolation model
set up in Xs, using a set of training data samples
{x5® R(xp®)}k =1, . ns, where R is the EM-simulation model
of the antenna at hand. The samples are allocated as described
in Section I.E. The second-level model is our final surrogate
which accounts for the antenna designs restricted to the vicinity
of the manifold U(F). Figure 3 shows the flow diagram of the
proposed surrogate modeling methodology.

E. Design of Experiments for Nested Kriging

Achieving the best possible predictive power of the
surrogate model requires uniform allocation of the training data
samples (note that a “one-shot” design of experiments is
considered here rather than sequential sampling [33]). This has
been a major issue for the previous attempts to constrained
antenna modeling [29]. The problem was a complex definition
and geometry of the surrogate model domain, determined
through triangulation of the reference designs [29].

For the proposed nested modeling methodology, uniform
sampling can be realized in a convenient manner, directly using
the domain definition (5) and a two-step surjective
transformation of a unit hypercube onto Xs. Let [0,1]” be a unit
hypercube, and {z®}, k=1, ..., Np, be a uniformly distributed
data set (here, obtained using a Latin Hypercube Sampling
[34]), with z® =[z,® ... z,®T,

The first step of mapping the samples onto Xy is realized as

y= hl(z) = }H([Z1 Zn]T) =
=i+ 20 = i) o Smin + 23 e = Frm)] - ©
X[-1+2zy,, ... =142z ]

In other words, #; maps the hypercube onto a Cartesian
product F x [-1,17*N.

Ve B A‘nt.enn?
optimization
Reference designs X e Ur(F) [® 1| forselected
+ performance

fi j)

Training set K _— Jguresj"

(f7x0y First-level surrogate model s;(f) :
=1 ’p objective space F — parameter space X
Extension coefficients <) U:;;ﬁig::d
= T )

a()=DidV, ) parameter D

v

Definition of surrogate model
domainXgby manifolds M_and M.

v

Design of experiment:
Uniform allocation of samples onto Xg

EM
Solver

Training set *

) (k L ’
Ry Sl N P Y Data acquisition x5
k=1,...,Np

Final, second-level surrogate
model identification

Final surrogate model
set up in Xy

Fig. 3. Flow diagram of the proposed nested kriging modeling methodology.

The second step is mapping of F x [-1,1]*" onto X as
X = l’b(y) = hz([yl yn]T) = 51([y1 yN]T)+

n—-N
D Vvt () Iy
k=1

The meaning of expansion coefficients a; and the normal
vectors v, has been explained in Section II.C. The samples
x5® obtained as

(7
wih

xy =HEY) = hy(h (") ®)
are uniformly distributed with respect to the figures of interest
fi through fy. It should be noted that the same mapping can be
utilized for other purposes such as parametric optimization
within the domain Xs, which is convenient because regardless
of the domain geometry, it is sufficient to operate within F' x [
1,17V and only apply the mapping (8) for antenna evaluation
purposes (cf. Section I'V). Graphical illustration of the sampling
procedure has been provided in Fig. 4.

* i ‘ .~ Unit hypercube
° . o o0

. . . L] . 7;;z
LI ) . . .

[-1,1]4
24 n(2) 3!
f2.max . . .\ R .
\)< .
. . ° o
St X
° . F
fZ.min ® *
fl.min fl.max ?1 R
X34

hy

X34

Fig. 4. Sampling procedure in the surrogate model domain Xs (two-dimensional
objective space and three-dimensional parameters space is used here for
illustration purposes, cf. Fig. 2). LHS-allocated samples are first mapped onto
the Cartesian product of F and [-1,1]"" using function /; (cf. (6)). The samples
are then mapped onto Xy using function 4, (cf. (7)). An additional picture
(second from the bottom) also illustrates samples s,(/(z)) mapped into the
image s,(F) of the objective space F (i.e., before their orthogonal relocation as
in the second term of (7).
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III.  VERIFICATION EXAMPLES

In this section, operation and performance of the proposed
nested modeling framework is demonstrated using two
examples, a uniplanar dipole antenna and a ring slot antenna.
The analysis of the modeling error versus the size of the training
data set is carried out along with benchmarking using
conventional kriging and radial basis function interpolation
surrogates. Applications to antenna optimization are considered
in Section IV.

A. Case 1: Uniplanar Dipole Antenna

Our first example is a dual-band uniplanar dipole antenna
(Antenna I) shown in Fig. 5 [35]. The antenna is implemented
on a Rogers RO4350 substrate (&= 3.5, #=0.76 mm). It is fed
by a 50 Ohm coplanar waveguide (CPW). The variables are: x
= [l L s wi wa ws]T, whereas lp =30, wo =3, so=0.15and 0 =
5 are fixed (all dimensions in mm). The EM antenna model R
(~100,000 cells; 60s simulation on a dual Xeon E5540
machine) is implemented in CST Microwave Studio and
evaluated using its time-domain solver.

The goal is to construct the surrogate model of the antenna in
Fig. 5 which is valid for the following ranges of operating
frequencies 2.0 GHz < f; < 3.0 GHz (lower band), and 4.0 GHz <
> <5.5 GHz (upper band). The allocation of ten reference designs
X9, j =1, ..., 10, selected for illustration purposes, have been
shown in Fig. 6. The lower and upper bounds for design variables
are based on {x"}. We have [=[29 5.0 17 0.2 1.5 0.5]%, and u =
[4212250.6 5.2 3.5]". It should be noted that the parameter ranges
are wide with the ratio between the upper and the lower bounds
varying from around 1.5 to 7.0 and the average of 3.1.

For validation purposes, the nested surrogate model has been
set up using the training data sets of the sizes of 50, 100, 200,
400, and 800 samples. This has been done for three different
values of the thickness parameter, D = 0.05, 0.1, and 0.15. The
model accuracy has been tested using a split-sample method [36]
with 100 independent random test points. Table I shows the
average RMS errors for the nested kriging model, conventional
kriging model [36], and radial basis function (RBF) [23]
surrogate set up in the interval [/, #]. The RBF model utilizes
Gaussian basis function with the scaling parameter adjusted
through cross validation. Responses of the EM simulation model
of the antenna as well as conventional and nested kriging
surrogates (set up with 200 training samples) at the selected
testing designs have been shown in Figs. 7 and 8, respectively.

The results gathered in Table I indicate that the nested
kriging surrogate exhibits significantly better predictive power
than the conventional kriging model. For D = 0.1, its accuracy
with only 50 training samples is the same as the accuracy of the
conventional kriging model at 200 samples, whereas the
accuracy comparison for the same corresponding training data
sets reveals dramatic advantage of the proposed approach by a
factor between two and three.

It can also be observed that the dependence between the
model accuracy and the thickness parameter D is weak
considering dimensionality of the design space. The reason for
this is that the surrogate model domain is a relatively “thin” set,
i.e., the amount of the orthogonal extension is small compared

to the “tangential” dimensions of Xs. Consequently, the
effective dimension of the domain is close to that of the
objective space, and, in practice, we have N << n. This is a
highly desirable feature which makes the nested surrogate
relatively insensitive to D.

— L —

— 1, —

ll

3 a2
Fig. 6. Allocation of the reference designs for nested kriging modeling of Antenna I.

TABLE I MODELING RESULTS FOR ANTENNA I

Number of Relative RMS Error

training Conventional Models ~ Nested Kriging Model [this work]

samples Kriging RBF D=005 D=01 D=015
50 21.7% 249 % 6.9 % 9.9% 13.0 %
100 173 % 19.8 % 4.5% 6.4 % 9.6 %
200 12.6 % 14.3 % 2.8% 4.4 % 6.5%
400 9.3% 10.5% 2.6 % 3.8% 55%
800 72 % 8.7 % 2.4 % 34% 4.7 %

i 1.5 2 25 3 3.5 4 4.5 5 55 6
Frequency [GHz]

Fig. 7. Responses of Antenna I at the selected test designs for N =200: EM

model (—), conventional kriging surrogate (0).

(5]
o

3.5 4

Frequency [GHz]

Fig. 8. Responses of Antenna I at the selected test designs for N=200: EM
model (—), proposed nested kriging surrogate with D = 0.1 (o).
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B. Example 2: Ring Slot Antenna

The second example is a slot antenna shown in Fig. 9 [28]. The
structure comprises a microstrip line that feeds a circular ground
plane slot with defected ground structure (DGS). The low-pass
properties of the DGS allows for suppression of the antenna
harmonic frequencies [28]. The substrate thickness is set to 0.76
mm. The geometry parameter set is: x = [l war s sa 0 g|"; & is
an additional variable representing relative permittivity of the
substrate. The feed line width wyis computed for each &, to ensure
50 ohm input impedance. The antenna model R is implemented
in CST (~300,000 cells, simulation 90 s).

For this antenna, the goal is to construct the surrogate model
for the operating frequencies f within the range 2.5 GHz < f'<
6.5 GHz, and substrate permittivity & within the range of 2.0 <
£<5.0. The allocation of ten reference designs x?,j =1, ..., 10,
have been shown in Fig. 10. The lower and upper bounds for
design variables are based on {x"}. We have [ =[22.0 3.5 0.3
6.53.00.53.50.2]", and u=[27.08.02.316.07.05.56.0 2.3]".
Note that the parameter ranges are even wider than for Antenna
I, with the ratio between the upper and the lower bounds varying
from around 1.2 to 11.5 and the average of 5.0.

The verification setup was the same as for Antenna I. The
numerical data has been gathered in Table II whereas the
selected reflection characteristics of the EM model and the
surrogates are shown in Figs. 11 and 12. The results are
consistent with those obtained for the first example. In
particular, the nested surrogate exhibits significantly better
accuracy than conventional models for all sizes of the training
data set. The dependence of the modeling error on the thickness
parameter is more pronounced because the modeling problem
is much more challenging than for Antenna I. It should be
emphasized that the accuracy of conventional models make
them unusable for practical purposes (error larger than 25
percent even for the largest training data set), see also Fig. 11.

Fig. 9. Geometry of the ring slot antenna (Antenna II) with a microstrip feed
(dashed line) [28].

450 | i
ab | P
NER o o o
| ]
2.5 ! |
| ]
2f O o o -
25 3 3.5 4 45 5 5.5 6 6.5
/[GHz]

Fig. 10. Allocation of the reference designs for nested kriging modeling of
Antenna II.

TABLE II MODELING RESULTS FOR ANTENNA II

Number of Relative RMS Error

training Conventional Models ~ Nested Kriging Model [this work]

samples Krigng  RBF  D=005 D=01 D=0.15
50 56.9 % 61.0 % 129 % 194%  251%
100 50.8 % 532 % 6.9 % 129 % 16.5 %
200 358 % 37.9% 49 % 7.7 % 12.7%
400 31.5% 34.1% 3.1 % 51% 9.0%
800 25.6 % 272 % 22% 3.7 % 6.2%

-5

-10

S,/ 1dB]

-15

2 25 3 3.5 4 4.5 5 55 6 6.5 7
Frequency [GHz]|
Fig. 11. Responses of Antenna II at the selected test designs for N =400: EM
model (—), conventional kriging surrogate (0).

2 25 3 35 4 45 5 55 6 65 7
Frequency [GHz]
Fig. 12. Responses of Antenna II at the selected test designs for N=400: EM
model (—), proposed nested kriging surrogate with D = 0.05 (o).

IV.  APPLICATION EXAMPLES. ANTENNA OPTIMIZATION

In this section, the application of the nested surrogate for
antenna optimization is investigated. We explain how the
definition of the model domain can be utilized to facilitate the
search for the optimum design, provide numerical results, as
well as discuss experimental validation.

A. Optimization Methodology

Design optimization of the antenna has to be carried out
within the domain X of its surrogate model, which is a rather
complex set as explained in Section II. However, the
optimization process can be made straightforward by using the
transformation (8) between the unit hypercube [0,1]" and X5 (cf.
Section II.E). More specifically, given the original design
problem (1) and the target vector f; = [fi. ... fv.] the antenna is
to be optimized for, one can solve an equivalent problem

X =arg n{lgﬂ UH((2), 1) )

Note that (9) is solved within a hypercube, which is a regular
set defined by box constraints, rather than directly in X.
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Further, because H is surjective (cf. Section II.E), operating in
the hypercube will cover the entire surrogate model domain.

Finally, a good initial design for (9) can be easily identified
as follows

x(O) — s[ (f;) (10)
In other words, the initial design is the best available

approximation of Uff;), here, obtained by the first-level
surrogate.

B. Numerical Results

Antennas I and I have been optimized for selected target
vectors, using the nested surrogate obtained with the thickness
parameter D = 0.1. Tables III and IV gather the numerical
data, whereas Figs. 13 and 14 show the reflection
characteristics at the initial and optimized designs evaluated
using the surrogate and the EM model. It can be observed that
reliability of the surrogate is excellent in all cases. Also, the
quality of the initial design found using (10) is good, which
allows for applying local optimizer instead of global routines.
This is another benefit of the nested modeling approach
proposed in this work.

C. Experimental Validation

Selected designs of the considered antennas have been
fabricated and measured for the sake of additional validation.
Both antennas have been implemented on the same substrate,
RO4350. Figure 15 shows the photographs of the prototypes,
whereas Fig. 16 compares the simulated and measured
reflection characteristics. The agreement is very good, slight
discrepancies (frequency shifts) are mostly due to not including
the SMA connectors in the computational models of the antenna
structures.

TABLE III OPTIMIZATION RESULTS FOR ANTENNA I

Tarf:;gg;?;mg Geometry parameter values [mm]
fi[GHz] £, [GHz] A b I3 wi Wy w3
2.45 5.30 330 874 179 026 262 151
2.20 4.50 347 596 185 044 371 148
3.00 5.00 285  9.60 196 037 240 0.58
2.10 4.20 35.1 5.49 194 047 440 194

TABLE IV OPTIMIZATION RESULTS FOR ANTENNA II

Target operating

. Geomet arameter values [mm
conditions P [mm]

Jfo [GHz] & Il s Wy r s Sd 0 g

34 35 260 591 079 119 494 322 474 1.04
4.8 22 228 479 056 946 321 356 5.16 1.23
5.3 35 210 457 031 863 335 494 555 1.76
245 43 268 646 203 135 622 154 493 022
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Fig. 13. Nested surrogate (0) and EM-simulated responses (—) of Antenna I at
the designs obtained by optimizing the surrogate model with D = 0.1 for (a) f;
=2.45GHz, , =5.3 GHz, (b) fi =2.2 GHz, , =4.5 GHz, (¢) f =3.0 GHz, f; =
5.0 GHz, and (d) fi = 2.1 GHz, f; = 4.2 GHz. Required operating frequencies
are marked using vertical lines. Initial design obtained using (10) marked using
a dotted line.
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Fig. 14. Nested surrogate (0) and EM-simulated responses (—) of Antenna II at
the designs obtained by optimizing the surrogate model with D = 0.1 for (a) f;
=2.45GHz, , =5.3 GHz, (b) fi =2.2 GHz, , =4.5 GHz, (¢) f =3.0 GHz, f, =
5.0 GHz, and (d) f; = 2.0 GHz, f; = 4.2 GHz. Required operating frequencies
are marked using vertical lines. Initial design obtained using (10) marked using
a dotted line.
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Fig. 15. Photographs of the fabricated antenna prototypes: (a) Antenna I, f; =
2.45 GHz, f; = 5.3 GHz, (b) Antenna I, f; =3.4 GHz, £=3.5.
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Fig. 16. Reflection responses of the antennas of Fig. 15: (a) Antenna I, f; = 2.45
GHz, f; = 5.3 GHz, (b) Antenna I, f; = 3.4 GHz, &= 3.5; simulation results (- -
-) and measurements (—).

V. CONCLUSION

The paper proposed a novel approach to surrogate modeling
of antenna structures. Our methodology is based on a two-level
(or nested) kriging, where the first-level model is used to
establish domain of the second-level model being the actual
surrogate. The first-level model approximates the manifold
containing the designs that are optimum with respect to selected
performance figures. This approximation is then orthogonally
extended in order to capture all designs that are of interest. The
proposed approach has several important advantages over
conventional surrogate models as well as some recent attempts
to performance-driven constrained modeling. First, by focusing
the modeling process in the region containing quality designs,
significant improvement of the surrogate predictive power can
be achieved. Second, defining the surrogate model domain
through a surjective transformation from a unity hypercube
permits uniform allocation of training data points in a
straightforward manner. Finally, utilization of the same
mapping allows for convenient optimization of surrogate (with
only box constraints on the adjustable parameters) despite
nonlinear geometry of the domain itself. An additional benefit
is that a good initial design corresponding to the requested
performance figures (or operating condition) values can be
directly extracted from the first-level surrogate. Comprehensive
verification of the proposed framework provides consistent
results throughout the considered benchmark antennas and
training data sets, also supported by experimental validation.
Furthermore, the nested surrogate has been demonstrated as a
useful antenna design tool.
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