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Abstract. Surrogate modelling has become increasingly important in microwave
engineering. Fast metamodels—particularly behavioral ones—are widely em-
ployed to accelerate design tasks such as parametric optimization by replacing
costly full-wave electromagnetic (EM) simulations. However, constructing reli-
able surrogates remains challenging due to the strong nonlinearity of circuit re-
sponses and the curse of dimensionality. The difficulty is especially pronounced
in design-oriented modeling, where validity must be ensured across wide ranges
of parameters. This research introduces an innovative modeling procedure that
combines dimensionality reduction with spatial domain restriction to reduce the
training data acquisition cost while enhancing predictive accuracy. Dimensional-
ity reduction is achieved using fast global sensitivity analysis, which determines
the parameter-space directions with the strongest impact on the system’s fre-
quency characteristics. These vectors define the reduced domain, which is addi-
tionally confined by means of principal component analysis (PCA) of pre-
screened high-quality designs. As a result, the surrogate is concentrated on the
relevant design space subsets, ensuring suitability for practical design tasks while
maintaining high accuracy. The proposed methodology has been extensively val-
idated against state-of-the-art benchmarks, demonstrating both competitive pre-
cision and significant efficacy gains. Its design readiness has been shown through
practical applications, specifically, in EM-driven circuit optimization under var-
ying specification scenarios.

Keywords: Microwave circuits, behavioral modeling, domain confinement, di-
mensionality reduction, sensitivity analysis.

1 Introduction

The design of high-frequency systems relies heavily on advanced simulation tools,
such as circuit-level [1] and electromagnetic (EM) solvers [2]. EM analysis is indis-
pensable for accurately capturing critical effects such as mutual coupling, substrate
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and radiation losses, and the influence of connectors. These phenomena play a key
role in the performance of modern microwave circuits, from compact components [3]
to structures incorporating metamaterials [4]. However, EM simulations are compu-
tationally intensive, which poses a major challenge in scenarios requiring repeated
evaluations, such as parameter tuning [5], uncertainty quantification [6], and multi-
objective optimization [7]. Among these, global search procedures are particularly
costly, especially when employing bio-inspired algorithms [8]. To mitigate this, con-
siderable research was directed towards accelerating EM-driven procedures. Estab-
lished methods include adjoint sensitivity analysis [9], sparse Jacobian updating [10],
mesh deformation [11], response feature technology [12], and model order reduction
[13]. More recently, surrogate-assisted design has gained significant traction [14],
[15], frequently implemented within machine learning (ML) frameworks [16]. Com-
mon surrogate modeling strategies encompass kriging [17], support vector regression
[18], Gaussian process regression [19], and various neural network architectures [20]-
[22].

Fast surrogate models can substantially reduce the cost of EM-driven design work-
flows, particularly in optimization tasks. However, constructing reliable metamodels
remains challenging and often expensive. Key difficulties arise from the strong non-
linearity of circuit frequency responses, the need to cover broad ranges of design
variables (to ensure practical applicability), and the curse of dimensionality [23].
Several strategies have been proposed to alleviate these issues. Some focus on im-
proving the utilization of available data, such as ensemble learning [24]; others ad-
dress efficient handling of large training sets through deep learning [25]. Still others
exploit structural properties of system outputs, as in high-dimensional model repre-
sentation (HDMR) [26]. Cost efficiency can also be improved by employing variable-
resolution techniques, e.g., co-kriging [27]. An alternative is performance-driven
modeling [28], in which the metamodel is built within a carefully defined subset con-
taining high-quality designs. This approach can significantly improve predictive ac-
curacy while preserving design relevance. Recently, domain confinement concepts
have been extended to deep learning frameworks [29]. A limitation of such methods,
however, is their restricted generality, since the reduced domain is typically defined
with respect to specific performance requirements [28].

This paper introduces a new technique for high-efficacy and dependable behav-
ioral modeling of microwave circuits. Our framework combines reducing the problem
dimensionality, conducted by fast global sensitivity analysis (FGSA), with spatial
domain restriction achieved via randomized parameter screening. FGSA identifies a
low-dimensional subspace that captures the dominant variability in circuit responses,
while pre-screening isolates the regions most relevant to high-quality designs. To-
gether, these mechanisms enable the construction of accurate data-driven surrogates
from relatively small training datasets. Comprehensive verification studies and
benchmarking against a range of state-of-the-art techniques assert the competitive
operation of the suggested methodology regarding predictive accuracy, computa-
tional efficiency, and scalability. Furthermore, its practical usefulness is demon-
strated by practical engineering applications, focusing on circuit optimization under
diverse setups, and supported by experimental validation of selected designs.
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2 Modeling Methodology

This section encapsulates an in-depth explanation of the proposed modeling ap-
proach. We formulate the modeling task in Section 2.1. Domain confinement using
global sensitivity analysis and spatial reduction is covered in Section 2.2, whereas Sec-
tion 2.3 summarizes the entire methodology.

2.1 Problem Formulation

The notation used throughout is explained in Fig. 1. We aim to construct a surrogate
R,(x) representing the high-resolution EM model R/(x) within the subsets of interest
and a chosen range of operating frequencies. Ry denotes a generic circuit response. In
practice, we handle S-parameters, such as Si; through S4; in the case of coupling struc-
tures. The modeling reliability is quantified by a relative root-mean squared error
(RRMSE), which is well-aligned with visual assessment of the model’s prediction reli-
ability. Models that exhibit RRMSE at the level of a few percent are generally suitable
for design purposes.

2.2 Domain Confinement Using Global Sensitivity and Spectral Analysis

The main challenges in data-driven modeling of microwave components stem from
response nonlinearity, the size of the parameter space, and high dimensionality (number
of decision variables). All else being equal, the predictive accuracy of a model depends
on the average distance between training samples, which increases unfavorably as dimen-
sionality grows (typically beyond three or four variables). Therefore, reducing both di-
mensionality and parameter space volume is essential to improve surrogate accuracy and
enhance the cost efficiency of the modeling process.

Dimensionality reduction can be approached through various techniques, including
variable screening (e.g., [30]-[32]) and global sensitivity analysis (GSA), such as Sobol
indices or regression-driven approaches [33]-[35]. However, these methods are computa-
tionally demanding, as they typically require generating large sets of random samples
along with perturbation points.

Symbol Description Comments

Vector of circuit param- Independent circuit dimensions to be tuned in the design
eters process
I=[h ..., l,)"and u =[u1 ..., us)" are lower and upper
bounds on parameters, i.e., we have k< xx < uxfor k=1,

X =[x1... Xa]"

X=1{ld] Conventional parame-

ter space n

Responses of the high-fidelity EM simulation model of the

Rix) High-fidelity model (ge- circuit at hand. The symbol RA{x) stands for aggregated cir-
neric response) cuit characteristics evaluated over the frequency range of

interest, F
Su(x. High-fidelity model Scattering parameters as functions of the parameter vector
4\ (scattering parameters) x and frequency f; k and j stand for the circuit ports

Rs(x) Surrogate model Responses of the surrogate model of the circuit of interest

Fig. 1. Notation used by proposed surrogate modeling methodology.
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Moreover, their application often results in discarding the least influential variables,
which is not always desirable for high-frequency components, where circuit responses—
particularly in compact devices—are strongly governed by the combined impact of mul-
tiple variables.

We employ the fast global sensitivity analysis (FGSA) technique originally intro-
duced in [36]. FGSA identifies the influential parameter space directions concerning
system response variations. These vectors define the domain of the metamodel. Im-
portantly, the identified directions are generally misaligned with the coordinate axes,
thereby enhancing the surrogate representation flexibility. To extract these directions,
circuit response variations are evaluated for pairs of randomly generated designs uni-
formly distributed across the parameter space. From these variations, a relocation ma-
trix § is constructed and subjected to spectral decomposition using prinicipal compo-
nent analysis (PCA). The resulting eigenvectors e; correspond to the main directions of
response variability, with their importance evaluated by the associated eigenvalues 4;, j
=1, ..., n. The reduced region X; is formed by the N; most significant eigenvectors,
selected according to the condition || [A1 ... Ava]” ||/ || [A1 ... A]7 || = Cinin Where Cinin =
0.9 (as recommended in [36]). Although the dimensionality of Xy is lower than the orig-
inal n, it retains the dominant sources of response variability, ensuring that neglecting
the remaining n — Ny directions does not jeopardize the design relevance of the model.

The domain is determined in two steps. We begin by FGSA-based dimensionality reduc-
tion. More specifically, we use N eigenvectors ¢;,j = 1, ..., Ng, to define

N,
Xd:{xeX:x:xrvLZajej s Xe=[l+u]2 1)
j=1
where the spanning factors are marked as a;, j = 1, ..., Na. Figures 2(a) and 2(b) provide

a graphical illustration of X. It should be reiterated that while N, < n, the set Xy captures
the directions responsible for the most influential share of response variations. Conse-
quently, excluding other directions does not diminish the design usefulness of the met-
amodel built within this reduced space.

The second step in defining the domain involves volume reduction, achieved through
quality-driven pre-screening. In this stage, regions of X, containing high-quality de-
signs are identified. For instance, in coupling or power-dividing circuits, desirable per-
formance corresponds to a good reflection coefficient level and port isolation, and ap-
propriate power division ratios.

Let O(x) be a design merit assessment function, with O(x) =1 for acceptable param-
eter vectors (e.g., for which |S1i], |Sa1] £ 20 dB at the center frequency), and Q(x) =0
for poor-quality vectors. Let x,¥) € X4, j =1, ..., Ny, be a set of random samples (typi-
cally, N, = 50), and x,%, j =1, ..., N,, is a subset of {x,9};-1....nq, so that O(x,¥’) = 1 for
all j € {1, ..., Ni}. The set {x,9’} is employed to identify the volume-confined domain
as follows. Given x, = N, '%, - 1w (the center of {x,?}), a covariance matrix is
assembled

N,
8, = () -, ) 2)
Nr - Jj=1

Spectral analysis of S yields the eigenvectors ax, k=1, ..., Ng. Note that the vectors
{ar}r -1, .. na, form an orthogonal basis in X,. Consequently, each x,) has a unique
expansion
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x) = Z:L by G)

Based on bi, we additionally define b;mex = max{k : by}, bimin=min{k: by}
b;‘.o = (b/'.miu + bi.max)/z, fOf_j =15 5 Ns, bo= [b]_o bNdo]T, and [, = [[171 leb]T, where
Iy = (bjmax — bjmin)/2. Further, we set X» = X, + Abo, where A =[a; ... ax4]” is an n x N,
matrix. The minimum N,-dimensional interval encapsulating vectors x,9, j =1, ..., N, is

X, :{xsz +z:31(20k —1)/bkaA} %)
0<¢ <1, k=L..,N,

Xp is the subset of the subspace xc + ;- 1,.. vaae; encapsulating better-quality parameter

vectors as assessed by O(x).

Now, the ultimate surrogate model domain is Xs = Xs N X (see Fig. 2(c) for a visual
illustration). The metamodel is rendered Xs using kriging [37]. In this study, the partic-
ular modelling method is of secondary concern because we primarily aim at investigat-
ing the advantages of restricting both dimensionality and volume.

X3

sl ol i| Orginal
! X3} | parameter
e"\-;'ez / i "space ¥
c i i

AT e _Affine subspace

X+ Zae Dimensionality-reduc ed domain
<y X1 _
Xo=Xn {x.+ Yae;

@ (b)

i R
- A

Spatially-confined set-.. Surrogate 'r'rib&el domain
X = (0 1526 = Dy} Xs=X X,

(©)

Fig. 2. Dimensionally- and spatially-restricted model domain Xs: (a) conventional design variable
space X (illustrated for a three-dimensional case), and the subspace x. + Xj-1,2 gje; spanned by N4
=2 eigenvectors e1 and ez; (b) restricted domain Xy, defined as an intersection of X and the affine
space of Fig. 2(a); (c) volume-wise restricted subset X», and the ultimate region of interest Xs =
Xa N Xb.
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Parameter | [ Random sample Variability EM
space X set sizes N, N threshold Cpg, ) | model

Y

Generate observables x. %, acquire R:(xs(k)) k=1.. JVS —

v
For eachk=1. ... N.. find x ¥ = x =
= argmm{ltcj <N, jEk: ||x5(k>—x°)||}

4
[ Compute relocation vectors vs ® and response )

variability factors !Sm. k=1,....N;
v
(Deﬁne relocation matrix .§ = [rs(’)vs(‘) r:(‘\s)vsmg)]r )

Rapid Global Sensitivity Analysis

@ind eigenvectors e; and eigenvalues J; of 8. j = 1.....}9 EM
- ’ solver

Determine domain dimensionality N
L
Define domain X;= {x e X:x =x.+ X wae;].
where x.= [{ + u]/2. and g; are real numbers

Dimensionality reduction

Allocate N, samples in Xz perform pre-screening and
selectxc’) Jj=1...., N, such that Q(x,("}}—] for all j
v
Define X = {x =x, + Xy nu(2¢; —1)Iye;}. where ¢;
are real num bers

L]
Define surrogate model domain X=X, Xp

Spatial confinement

\fﬁr_‘\f—\\/r—\ o

o
2 ( Allocate training data in X x5, k=1, ... Ny

5

g v

_E ( Acquire EM data Rﬂx,g(a). k=1,...,Nz =
3 ¥

g C Identify kriging interpolation model R.(x)

L‘-/WUJU"/"-““‘—”/&-/V/

b

Fig. 3. Proposed modeling methodology: the block diagram.
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2.3  Modeling Procedure

The complete modelling framework incorporates the steps elucidated in Section 2.2.
The first stage is global sensitivity analysis, followed by dimensionality restriction and
spatial confinement. The restricted region is populated using training samples, and the
EM data is collected. The last stage is model identification, where we use kriging inter-
polation. The block diagram of the procedure is included in Fig. 3. One of the benefits
of our technique is a limited number of control parameters, including the threshold Crin
(default value of 0.9) and the amount of random points N, used by FGSA, as well as
the number of N, of pre-screening vectors employed by the spatial confinement (both
numbers are set to Ny = N, = 50).

3 Results

This section presents numerical and experimental validation of the suggested mod-
eling procedure based on two planar circuits and several state-of-the-art benchmark
techniques.

3.1 Verification Circuits. Algorithm Setup and Benchmark Methods

Figure 4 shows the microwave structures used for verification and their essential
characteristics. The EM representations are evaluated in CST Microwave Studio. Our
surrogate was rendered in the restricted domain established using FGSA with N, = 50
random samples. The domain dimensionality N; was established using the variability
threshold Cimin = 0.9 (cf. Section 2). For Circuit I, we have N; = 3, whereas for Circuit
I, Ns = 4. The surrogate models are built using training ensembles of diverse sizes
between 50 and 800 samples (also, 1,600 samples for Circuit IT). The data-driven mod-
elling approach is kriging interpolation with Gaussian correlation functions. Our ap-
proach is juxtaposed against state-of-the-art benchmark methods outlined in Table 1.

3.2  Results and Discussion

The outcomes are summarized in Tables 2 and 3. The surrogate-predicted versus
EM-evaluated frequency characteristics at representative test points are illustrated in
Figs. 5 and 6. As indicated in the tables, combining dimensionality reduction with spa-
tial domain confinement substantially improves both the predictive accuracy and com-
putational efficiency of the surrogate models. The key findings can be outlined as fol-
lows:

o Surrogates in the baseline space X exhibit high error levels, confirming the diffi-
culty of the test problems considered. In the case of Circuit I, almost all methods
reduce RRMSE below 10% with datasets sets of 400-800 samples. However, for
Circuit II, typical errors remain at 20% or higher, even with 1,600 samples, ren-
dering such models impractical.

e The proposed modeling framework delivers substantial accuracy gains. For Cir-
cuit I, errors fall below 5% with as few as 50 training samples. For Circuit II, an
error of ~8% is achieved with 800 samples, further reduced to ~6% with 1,600
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samples. On average, for 800-sample sets, our approach yields surrogates that are
5.4 times more accurate (Circuit I) and 3.7 times more accurate (Circuit II) than
benchmarks constructed in the full-dimensional space.

o Spatial reduction significantly enhances model accuracy. When compared with the
best-performing benchmark method (kriging in the reduced parameter space Xy),
the proposed approach achieves an average error reduction of about a multiplica-
tive factor of 1.3 across all training set sizes and both circuits.

A key practical benefit of the suggested methodology is its capability to construct
reliable models even from relatively small training sets. For Circuit I, this is possible
with just 50 samples. For Circuit II—the most challenging case—a usable surrogate is
obtained with 800 samples. By contrast, benchmark models perform substantially
worse across all configurations.

Parameter Description
i 3 4 Substrate RO4003 (&= 3.38, h=0.762 mm)
b {'Wx I o Y Design parameters x=[hhhkdww]
; et PR Conventional parameter ~ 1=[2.07.0 12.50.20.7 0.2]",
f foyy Z e —— space X u=[4512522.00.651.50.9]"
1 2 Modelled characteristics S-parameters St1, S21, Sa1, Sa1
Frequency range 0.5 GHz to 2.5 GHz
(@)
3 . W1 I Parameter Description
= > AN N Substrate AD250 (& = 2.5, h =0.81 mm)
,4‘ =] ; Design parameters x=[hhkhllssw]"
. E ; y Conventional 1=[1451.113.0051.60.19 3.9],
¥ - parameter space X u=[37.016.635015056155.8]"
watpt Modelled
characteristics S-parameters S11, S1, S31, Sz, Sz3, Sa2
Frequency range 0.5 GHz to 7.0 GHz
(b)

Fig. 4. Test circuits: (a) miniaturized rat-race coupler [38], (b) dual-band power divider [39].
Circuit dimensions are in millimeters.

Table 1. Benchmark approaches

Modeling technique Model setup

e Gaussian correlation function

Kriging interpolation e Second-order polynomial as a trend function

e Gaussian correlation functions

Radial besis functions e Scaling coefficient determined using cross-validation

Atrtificial neural network e Feedforward network with two hidden layers
(ANN) e Model training: backpropagation
Convolutional neural o Uses four filters with filter sizes of [64 128 256 512]
network (CNN) ¢ Model training: ADAM algorithm

e Uses least-squares boosting with 250 learning cycles

Ensemble:leaming e Learning rate adjusted through Bayesian optimization

e Domain established using FGSA with the same setup as for the proposed
Kriging interpolation approach (Ns = 50, Cmin = 0.9)
* Gaussian correlation functions; second-order polynomial as a trend function
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Table 2. Results for Circuit I (error metric: RRMSE)

Number of training samples

Modeling method

50 100 200 400 800
Kriging 25.7 % 17.9 % 13.5% 9.9 % 8.0 %
RBF 28.3 % 19.1 % 13.9 % 10.3 % 8.9 %
ANN 18.2 % 122 % 8.0 % 7.8 % 6.5 %
CNN 229 % 12.7 % 8.0 % 55 % 45%
Ensemble learning 32.7 % 28.1 % 25.0 % 22.8 % 19.1 %
Kriging in dimensionality-reduced domain Xy 5.9 % 3.8% 2.8 % 2.4 % 1.8 %
Kriging in dimensionality-reduced and spa- 41% 390, 249 21% 15%

tially-confined domain Xjs [this work]

Table 3. Results for Circuit IT (error metric: RRMSE)

Number of training samples

Modeling method

50 100 200 400 800 1,600
Kriging 636% 538% 452% 400% 351% 323%
RBF 689% 552% 439% 408% 372% 333%
ANN 36.7% 332% 246% 208% 203% 195%
CNN 896% 447% 260% 178% 158% 142%
Ensemble learning 478% 406% 381% 362% 336% 309%

Kriging in dimensionality-reduced domain X; 389 %  28.7 % 23.5% 16.6 % 125 % 8.4 %

Kriging in dimensionality-reduced and spa- 328% 242% 152%  121% 8.5% 6.0 %
tially-confined domain X [this work] ’ ’ ' ’ ' '

3.1  Application Case Studies. Experimental Validation

As shown in Section 3.2, the proposed modeling framework achieves excellent per-
formance by combining dimensionality reduction with performance-driven spatial con-
finement. To validate that these improvements do not compromise practical design util-
ity, this section presents application case studies. Specifically, we optimize the test cir-
cuits under several design scenarios, outlined in Fig. 7. For each circuit, four sets of
design specifications are considered. The key operating parameters are the center fre-
quency fo and power division coefficient Kp for Circuit I, and the lower and upper op-
erating frequencies (f1, f2) for Circuit II. The results are summarized in Tables 4 and 5,
while Figs. 8 and 9 depict the frequency responses of the designs produced through the
optimization of the proposed metamodel. In all cases, the agreement between meta-
model-predicted EM-simulated characteristics is excellent, confirming the suitability
of the presented modeling approach for real-world design tasks.

For additional validation, two representative designs (Case 2 for each circuit) were
manufactured and experimentally tested. The measured outputs are compared with sur-
rogate-based predictions and EM simulations in Fig. 10. The results demonstrate satis-
factory agreement, with minor discrepancies attributable to fabrication tolerances, as-
sembly imperfections, and connector effects.
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1S,,| [dB]

1 1.5 2
Frequency [GHz]

g 10"
-30 A 5
1 15 2 1 1.5 2
Frequency [GHz] Frequency [GHz]

Fig. 5. Circuit I: S-parameters at the representative test points: EM analysis (—), and the pre-
sented surrogate rendered using 400 training samples (o).

S, [dB]

1S, 1S, [dB]

2 3 4 5

Frequency [GHz]| Frequency [GHz]|

Fig. 6. Circuit II: S-parameters at the representative test points: EM analysis (—), and the pre-
sented surrogate rendered using 800 training samples (0).

Circuit Design objectives

| 1. Minimize matching |S11| and isolation |S41| responses at the target operating frequency fo;
2. Maintain target power split ratio |Sz1| — |S21| = Kp at fo.

1. Minimize input matching |S11| and output matching |Sz2| = |Sss| simultaneously at the target
I operating frequencies fi and f;

2. Minimize port isolation |Ssz| at both fi and f;

3. Maintain equal power division ratio, i.e., |Sz1| = |S31| at fi and f.

$ Relative permittivity is one of the design variables of the modelling process.

Fig. 7. Design scenarios for the test circuits.

Table 4. Optimization outcomes for Circuit I

Target operating conditions Geometry parameter values [mm]

Case fo [GHz] Kp [dB] h ] h d w w1
1 1.0 -3 3.62 9.7 214 0.32 1.48 0.48
2 1.5 0 2.95 10.7 14.2 0.63 0.86 0.76
3 2.0 -6 2.50 9.1 12.9 0.20 1.14 0.51
4 1.2 -3 3.42 9.3 18.7 0.35 1.16 0.44
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Table 5. Circuit II: Optimization outcomes for Circuit IT

Target operating conditions

Geometry parameter values [mm]

Case
fi [GHz] f2 [GHz] h ] I Is Is s w2
il 2.0 4.0 26.0 6.78 27.5 4.53 4.79 0.20 BAT
2 15 2.45 30.9 101 30.9 8.95 4.36 0.73 4.30
3 1.8 3.0 261 10.2 239 10.3 2.60 1.44 4.41
4 3.3 5.0 314 13.3 341 10.5 3.35 0.97 3.90
Target frequency Target frequency
m 0 @ 0
A 2
g-10F 4]
o4 ot
Q o
-20
2301 &3
» n —
0.5 1 1.5 1 1.2 1.4 1.6 1.8 2
Frequency [GHz] Frequency [GHz]
- @ (b)
- 0 arget frequency z 0 Target frequency
m - ; =
o it S E a‘:‘ P S oSS
v -10 \ =~ w100 D ‘SU‘L
2 4 NS = = =15,
£ " 3 ~ e 21
g -20 el A g -20 C S IS, |
< < \.\ & 31
S L . G R 3 i W Y S N P IS, |
2.-30 & -30 %\ 41
oh | o ! H 1 L T
1.5 2 2.5 0.8 1 1.2 1.4 1.6
Frequency [GHz] Frequency [GHz]
(© (d

Fig. 8. Circuit I: model-predicted (gray) and EM-simulated responses (black) at the design generated
through optimization of the proposed metamodel (N = 400): (a) Case 1, (b) Case 2, (c) Case 3, (d)

Case 4.

Target frequencies

m 0
=
£-10
2
3 -20
8 | Wi e
£
% 30 - ; &
L5 2 2.5 3 35 4 4.5
Frequency [GHz]

a

( ) Target frequencies
m 0 | S l
= L
= N
3
ot
g
s
=
n

Frequency [GHz]
©

Target frequencies

S-parameters [dB]

Frequency [GHz]

(b) 1 Target frequencies

m 0
=
w
2
Q
g
S
o
@
Frequency [GHz]
d

Fig. 9. Circuit II: model-predicted (gray lines) and EM-simulated responses (black lines) at the de-
sign generated by optimizing the proposed metamodel (Vg = 800): (a) Case 1, (b) Case 2, (c) Case

3, (d) Case 4.
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Fig. 10. Fabrication and measurements of selected designs optimized using the proposed meta-
model: (a) Circuit I, (b) Circuit II.

4 Conclusion

This paper presented a high-precision methodology for behavioral modeling of pas-
sive microwave circuits. The technique integrates dimensionality restriction, achieved
through fast global sensitivity analysis, with spatial reduction based on randomized pre-
screening. These mechanisms enable the development of highly accurate surrogate
models from relatively small training datasets. The effectiveness of the suggested
framework is showcased using two microstrip circuits. Extensive comparative studies
highlight its superiority over multiple benchmark methods regarding predictive accu-
racy, computational efficiency, and scalability. In addition, application-oriented case
studies confirm the practical design usefulness of the metamodels, which is further sub-
stantiated by experimental verification of representative optimized devices.
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