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Simplex-anchored regressors for 
fast global optimization-oriented 
miniaturization of microwave 
circuits
Slawomir Koziel1,2 & Anna Pietrenko-Dabrowska2

The small physical size of high-frequency components is an essential prerequisite in an increasing 
number of applications. While size reduction of microwave circuits can be achieved with a suitable 
choice of architecture, ensuring the best available compromise between electrical parameters and size 
necessitates meticulous adjustment of all system dimensions. Due to the complexity of electrically 
small structures, parameter adjustment should be executed globally. Nevertheless, it is an expensive 
endeavor because it entails a large number of system evaluations executed through electromagnetic 
(EM) simulation. This article introduces an innovative approach to expedited miniaturization of 
microwave passives, in which the primary goal is miniaturization, while the conditions imposed on 
performance metrics are treated as constraints. Our framework operates in three stages, including 
parameter space pre-screening, machine-learning (ML)-driven globalized search, and gradient-
based fine-tuning. The first stage involves random sampling aimed at identifying the most promising 
parameter space region. The ML process launched therein employs simplex-based regression models, 
the use of which contributes to a competitive computational efficiency. On the other hand, the final 
tuning improves design quality at a low cost, as it is realized as a local optimization process. The 
performance of the suggested algorithm is illustrated using two planar devices and demonstrated to 
be superior to several benchmark methods. The major advantages of our technique include low running 
costs, equivalent to only a few dozen full-wave analyses, and straightforward implementation.

Keywords  Microwave engineering, Electrically small circuits, EM-based design, Miniaturization, Parameter 
tuning, Regression models, Machine learning

Miniaturization has become essential for modern application areas (mobile communications, energy harvesting, 
internet of things, wearable structures, virtual reality, radio-frequency identification1–5), and necessarily affects 
high-frequency system design, including passive circuits. As the size of conventional structures is related to 
the guided wavelength, miniaturization is a challenging task. In practice, it is realized using line folding6, the 
employment of slow-wave phenomenon7,8, the incorporation of defected grounds, metamaterials, stubs, slots, 
substrate-integrated waveguides, or shorting pins9–14. The resulting circuit architectures are topologically complex, 
and—due to cross-coupling—they need to be characterized using electromagnetic (EM) simulation15,16. At the 
same time, involved relationships between circuit dimensions and electrical characteristics make concurrent 
adjustment of circuit dimensions imperative, preferably using formal optimization algorithms17,18.

The main issue of EM-based microwave optimization are high CPU expenses, which may be considerable 
even for local methods19,20, yet considerably higher for global and multi-objective search21,22, as well as 
uncertainty quantification23,24. The research on expediting simulation-based procedures has been extensive25–30. 
The methods reported in the literature include reducing the cost of sensitivity estimation in gradient-based 
algorithms31–33, as well as surrogate-assisted techniques involving behavioural models34–41, physics-based 
surrogates42–46, as well as machine learning frameworks (e.g.,47).

For miniaturized microwave circuits, the fundamental goal of parameter tuning is to diminish the structure 
footprint area48. From the numerical perspective, it is a constrained problem with conditions formulated for 
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performance figures, e.g., reflection, isolation, power division ratio, or the phase response, all within specified 
frequency bands49,50. Furthermore, evaluating these conditions is expensive, i.e., it requires EM analysis results. 
The explicit control thereof is problematic51 and fosters utilization of alternative methods, especially a penalty 
function approach51–53. However, proper arrangement of penalty factors is circuit-dependent and normally 
requires supplementary optimization runs, which entails extra computational expenses. This challenge was 
tackled by recently reported adaptive strategies54,55, yet, they are only applicable for local parameter tuning. 
When it comes to global search, it was predominantly carried out using bio-inspired techniques56–59. Although 
these methods exhibit global search capability, their computational efficiency is exceptionally poor. In fact, 
straightforward EM-based bio-inspired design is unmanageable in most cases. Instead, surrogate models are 
often incorporated25,60–62, typically in the form of iterative algorithms, in which a metamodel plays a role of 
a rapid predictor, and it is enhanced based on EM data acquired during optimization63–65. Such procedures 
are frequently labelled as machine learning (ML) procedures66,67. However, the utility of behavioral models is 
impeded by the curse of dimensionality and nonlinearity of microwave circuit outputs68. Consequently, ML 
frameworks are typically demonstrated using low-dimensionality test cases69,70.

This article proposes an alternative methodology for globalized EM-driven miniaturization of microwave 
passives, with the conditions imposed on performance metrics treated as constraints. It is a three-stage procedure, 
which includes a pre-screening step, globalized ML search incorporating simplex-based regressors, and final 
(gradient-based) tuning. The first stage is arranged as random sampling oriented towards determination of 
the most promising parameter space regions. The ML process is subsequently launched, where the search for 
an optimum design (in achieving minimum footprint area while preserving required electrical operation) is 
carried out using regression models spanned over a set of simplex vertices processed by the algorithm. The 
final tuning stage is then executed to refine the design at low computational cost. The search engine is an 
accelerated trust-region routine with finite-difference-based derivatives. Our approach is illustrated based on 
two coupling structures and juxtaposed against several benchmark procedures. Numerical findings indicate 
that the algorithm exhibits competitive performance, both in terms of the achieved miniaturization rates and 
computational efficiency. The mean optimization expenses are below a hundred EM analyses.

The contributions of this research are: (i) the employment of simplex-based models for optimization-based 
miniaturization of microwave components, (ii) the development of a three-stage procedure for global-search-
oriented miniaturization, (iii) integration of the algorithmic components into an automated optimization 
framework, (iv) underscoring remarkable method’s efficacy in terms of its ability to reduce the component size 
as compared to the benchmark, (v) demonstration of exquisite computational efficiency of the technique.

Optimization-driven size reduction
Here, we formulate the optimization problem of interest, which is explicitly diminishing the circuit size 
while preserving electrical parameters. For the latter, efficient constraint handling methods are essential, 
which are discussed in Section "Constraint handling". The details of our methodology are given in Section 
"Global miniaturization by pre-screening and machine learning with simplex-anchored surrogates". It should 
be emphasized that we assume that the topologies of the microwave components under design have been 
determined beforehand (during the topology evolution), and only the values of the geometry parameters (i.e., 
circuit dimensions) undergo explicit numerical optimization. The final footprint of the optimized design results 
from the optimal circuit dimensions obtained during the optimization process.

Explicit size reduction through numerical optimization
As elaborated on in Section "Introduction", miniaturization of high-frequency components has become essential 
for many applications from wireless communications, through IoT, to augmented reality devices. Compact size 
of microwave passives is normally achieved using line meandering, the use of metamaterials and/or compact 
resonant components6,7,10. Further reduction of physical dimensions necessitates meticulous adjustment of 
geometry parameters, which is also necessary to provide satisfactory electrical operation of the system. For 
reliability, it is recommended to carry out the process using rigorous optimization methods.

Below, we provide a formal definition of the simulation-driven size reduction task. Using the terminology 
collected in Fig. 1, the task can be written as

	
x∗ = arg min

x∈Xf

A(x)� (1)

As explained in Fig. 1, the feasible space Xf encapsulates design satisfying all design constraints assumed for the 
circuit.

Constraint handling
When solving (1), the conditions imposed on performance metrics (target band, power division ratio, phase 
margins) are treated as constraints. Explicit handling thereof is troublesome due to high evaluation cost (requires 
EM analysis). A penalty function approach52 offers a workaround by reformulating the problem (1) as follows

	
x∗ = arg min

x
UP (x)� (2)

In (2), the function UP takes the form of

	
UP (x) = A(x) +

∑ng+nh

k=1
βkck(x)� (3)
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As it can be observed, reduction of size A(x) is the fundamental purpose, and it is accompanied by factors related 
to constraint violations computed by the penalty functions ck(x). The said contributions are controlled by βk. 
Figures 2 and 3 provide examples of constraints and possible definitions of the penalty functions. The usage of 
the second power [.]2 makes UP smooth regarding constraint violation at ∂Xf (the boundary of Xf), which makes 
its exploration easier. The latter is important as minimum-size designs are normally located in ∂Xf (i.e., one or 
more constraints are active).

Implicit constraint handling faces a practical issue, which is choosing the penalty factors βk. If too low, 
excessive constraint violation are expected; when too high, exploring ∂Xf becomes troublesome. A trial-and-
error setup is time consuming and entails extra computational expenses. A possible solution has been offered by 
the adaptive adjustment schemes54,55, as well as the recent explicit constraint handling strategies71,72. Both yield 
reasonable compromises between achievable size reduction rates and constraint handling, yet, they are primarily 
intended for incorporation into local search algorithms.

Global miniaturization by pre-screening and machine learning with simplex-
anchored surrogates
Here, we introduce the proposed EM-driven size reduction procedure. The optimization problem has been 
formulated as the explicit minimization of circuit size through numerical optimization of its geometry parameters, 
aiming to achieve the smallest possible footprint area (see Section "Explicit size reduction through numerical 
optimization"), while simultaneously satisfying performance-related requirements treated as constraints (see 
Section "Constraint handling"). Its three stages, i.e., pre-screening, machine-learning-based globalized search, 
and final tuning, are elaborated on in Sections "Stage I: Pre-screening" through "Stage III: Design closure", 
respectively. The complete procedure is put together in Section "Complete algorithm".

Fig. 2.  Optimization-based size reduction: example constraints.

 

Fig. 1.  Simulation-driven microwave circuit miniaturization: terminology.
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Stage I: Pre-screening
A fundamental challenge related to global optimization of microwave components is high computational cost. 
Meanwhile, cost efficiency of bio-inspired routines being the prevalent methods for global search73–83 is poor. At 
the same time, exploring large parameter spaces (both regarding the ranges of geometry variables and frequency) 
is imperative. The same reason hinders applications of surrogate-based methods: construction of dependable 
behavioral models over large spaces is simply undoable.

Here, the complexity of the problem is reduced by means of pre-screening, which enables identification—
in an approximate manner—the position of the most promising areas from perspective of the considered 
design task. The pre-screening concept is explained assuming that the underlying problem is size reduction 
of microwave couplers with extra conditions assumed for the S-parameters. More specifically, the following 
conditions are to be satisfied:

•	 |S11 (x, f)| ≤ −20 dB and |S41 (x, f)| ≤ −20 dB for f1 ≤ f ≤ f2, i.e., |S11| and |S41| are below–20 dB 
over the frequency range [f1 f2];

•	 |S31 (x, f)| − |S21 (x, f)| = K dB for f = f0, i.e., the coupler should provide power division K at the op-
erating frequency f0 = (f1 + f2)/2;

Further, let f1.EM(x) and f4.EM(x) stand for the frequency points associated with minimum of
|S11| and |S41| at design x found from EM simulation data, whereas dS(x) is the power division ratio at 

frequency [f1.EM(x) + f4.EM(x)]/2, which is the approximated center frequency of the circuit.
The pre-screening is arranged by generating random samples in the parameter space, evaluating the circuit 

responses using EM analysis, and comparing the estimated performance parameters with the assumed targets. 
The samples satisfying the imposed conditions are selected for the subsequent search stages. For the considered 
coupler example, the conditions are as follows:

•	 The circuit size A(x) satisfies Amin ≤ A(x) ≤ Amax, where the ranges Amin and Amax are determined based on the 
previous design work on a particular class of structures as well as general engineering insight;

•	 fmin ≤ f1.EM(x), f4.EM(x) ≤ fmax, where the range fmin and fmax are related to the target center frequency f0. In 
practice, we would use fmin = 0.75f0, and fmax = 1.25f0 (cf. Section "Results");

•	 | dS(x) – K| ≤ dSmax, where dSmax is the acceptance power division error. It is normally set up liberally to, say, 
dSmax = 3 dB (cf. Section "Results").

For the sample to be accepted, all conditions mentioned must be jointly fulfilled. Therefore, the EM analysis is 
only executed at x if A(x) ≥ Amin and A(x) ≤ Amax to avoid generating excessive computational expenses. The 
procedure is terminated as soon as Npre observables have been accepted. As the surrogate model employed by 
the second stage of the search process (cf. Section "Stage II: Machine learning for globalized optimization") is 
simplex-based, we have Npre = n + 1 vectors, where n is the parameter space dimensionality.

Figure 4 illustrates the pre-screening steps. Meanwhile, Fig. 5 shows its graphical illustration, which also 
explains the associated benefits. On the one hand, the pre-selected samples are of considerably higher quality 
than the average observable regarding the alignment of their operating parameters and the respective targets. 
Furthermore, they are allocated within a relatively small region, which will facilitate surrogate model construction 
and improve its predictive power.

Although the pre-screening concept has been explained here using a specific class of microwave components 
and a particular example of a design task, analogous procedure can be carried out for other types of circuits (filters, 
power dividers, etc.). In any given situation, the acceptance thresholds must be extracted from performance 
requirements assumed for the circuit characteristics.

Fig. 3.  Optimization-based size reduction: example penalty functions.
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Stage II: Machine learning for globalized optimization
The pre-screening procedure of Section "Stage I: Pre-screening" identifies the region containing decent-quality 
designs (in terms of their electrical characteristics) that correspond to circuit areas within the range expected 
as a result of the size reduction process. Globalized optimization being the second stage of the search process 
involves machine learning (ML) with the underlying surrogate models being linear regressors constructed 
over the simplex-arranged training points. The ML algorithm processes a set of surrogate models of this form 
and refines them utilizing the EM data acquired during the algorithm run. The rationale for employing the 
simplex-anchored surrogate lies in the fact that such a model can be constructed using only a small number of 
training samples. Specifically, merely n + 1 samples are required (n being the dimensionality of the design space). 
Moreover, this type of surrogate does not require to be trained . Instead, its hyperparameters are computed 
explicitly as will be explained below. This translates into exceptional cost-efficacy, unmatched by other surrogate-
based approaches that necessarily rely on large training datasets to enable global miniaturization. The remaining 
part of the section discusses surrogate model definition along with the flow of the algorithm.

Simplex-based surrogate model

Below, we employ the following terminology. By x(j) =
[
x

(j)
1 . . . x

(j)
n

]T

, j = 0, . . . , n, , we mark n +1 affinely 

independent vectors found by means of the pre-screening procedure of Section "Stage I: Pre-screening". The 
symbol R(j) = REM(x(j)) will be used to denote the circuit responses obtained through EM analysis. Affine 
independence of {x(j)} implies linear independence of x(j) – x(0), j = 1, …, n. Consequently, any design x ∈ X can 
be uniquely written as

	
x = x(0) +

n∑
j=1

aj(x(j) − x(0))� (4)

The expansion coefficient vector a = [a1 … an]T can be found analytically as

Fig. 4.  Pre-screening for optimization-based miniaturization of microwave passive components.
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	 a(x) = [a1(x) ... an(x)]T = X−1(x − x(0))� (5)

in which the n × n matrix X is defined as

	 X =
[
x(1) − x(0) · · · x(n) − x(0)]� (6)

Note that X is invertible due to the linear independence of {x(j) – x(0)}j = 1,…,n.
One can now define the simplex model RS(x), which represents the circuit frequency responses in the space 

X. We have

	
RS(x) = R(0) +

n∑
j=1

aj(R(j) − R(0)) = R(0) + XRa(x) = R(0) + XRX−1(x − x(0))� (7)

The maxtrix XR is defined as

	 XR =
[
R(1) − R(0) · · · R(n) − R(0)]� (8)

Globalized search by machine learning
The search is executed using the model Rs(x) introduced in Section "Simplex-based surrogate model" (cf. (7), 
(8)). It is arranged as a machine learning (ML) process, in which the candidate vector xtmp is generated through 
metamodel optimization in the vicinity of the available dataset and employed to refine the surrogate. The 
candidate design is found by minimizing the objective function predicted by the surrogate, i.e., we have

	
xtmp = arg min

x∈X
US(RS(x))� (9)

The function US analytically coincides with the objective function UP of (3). Nevertheless, it is computed using 
the model-predicted responses (rather than EM-simulated ones). To stress that, the explicit dependence of US 
on RS is shown.

Problem (9) is solved subject to constraints introduced to keep xtmp in the neighborhood of the convex hull 
of {x(j)}. The extra conditions are formulated as follows
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Fig. 5.  A compact coupler example: (a) circuit geometry, (b) S-parameters versus frequency at randomly 
selected designs, (c) S-parameters at pre-screened designs; the target band (1.45 GHz to 1.55 GHz) denoted 
using the vertical lines. The responses at pre-screened designs are better (regarding the allocation the center 
frequency relatively close to f0 = 1.5 GHz, and the power division ratio being close to zero dB; (d) two-
dimensional projections illustrating allocation of the pre-selected designs (large circles) versus the entire 
parameter space (small circles corresponding to random samples in X): due to constraints imposed on 
electrical performance parameters and the minimum/maximum size, the pre-selected set is limited to a small 
parameter space subset, which facilitates surrogate model rendition.
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n∑
j=1

aj = 1� (10)

	 −α ≤ aj ≤ 1 + α, j = 1, . . . n� (11)

Therein, α = 0.2 in the verification studies (Section "Results"). The simplex vertices are ordered so that UP(x(0)) 
≤ UP(x(1)) ≤ … ≤ UP(x(n)). Thus, x(0) corresponds to the best vertex regarding UP. It is also an initial design for 
solving (9) due to being the best available optimum approximation. Note that a(x(0)) = [0 … 0]T.

The ML search uses several rules for accepting/rejecting the candidate design and updating the simplex 
vertices, which have been explained in Fig. 6. In general, xtmp is accepted if its corresponding EM-simulated 
objective function is superior to the worst vertex, in which case it replaces the latter. Otherwise, an auxiliary 
candidate vector xtmp.2 is generated, which may improve the objective function due to being located closer to 
x(0) (the best vertex) and because of continuity of the circuit responses as functions of decision variables. This 
operation requires just one extra EM analysis. If neither xtmp nor xtmp.2 are of sufficient quality, the simplex is 
reduced, which—due to the mentioned continuity—will generally lead to improving the objective function at 
the refined vertices.

The termination criteria for the ML procedure have been summarized in Fig. 7. Therein, we have three 
conditions, the last two ensuring converge even if the design satisfying the performance criteria determined by 
Aglobal and Uglobal does not exists or is not attainable.

Stage III: Design closure
The last optimization step is final adjustment of the circuit dimensions, launched upon termination of the ML 
process of Section "Stage II: machine learning for globalized optimization". It begins from x(0), the best simplex 
vertex found so far. The adjustment is conducted with the help of the trust-region (TR) routine84. Figure 8 
shows the pseudocode. The procedure generates intermediate candidates x(i), i = 0, 1, …, approximating x*. 
The vector x(i+1) is identified by (local) optimization of the regressor L(i)(x), set up at the most recent point x(i). 
The estimation of sensitivities is obtained using finite differentiation (FD)85. When close to convergence, finite 
differences are taken over by a Broyden formula86 to expedite the process.

Complete algorithm
The overall size reduction procedure includes the three stages discussed in Sections "Stage I: Pre-screening" 
through "Stage III: Design closure": pre-screening, globalized search by machine learning with simplex-based 
regression models, and final gradient-based tuning. The algorithm’s block diagram is illustrated in Fig. 9, while 
Fig. 10 shows its pseudocode.

Fig. 6.  The rules for accepting/rejecting candidate design xtmp and updating the simplex vertices, used by the 
globalized ML size reduction procedure.
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The three major input variables of the procedure are the search space X, the EM representation REM, and 
the merit function UP. The first two are associated with the microwave component of interest, whereas the third 
one is determined by the assumed specifications. Table 1 summarizes the control parameters, which can be 
split into three categories, corresponding to the optimization stages. The pre-screening-related parameters are 
dependent on the design task, and the particular items in the table are representative for the coupling structures. 

Fig. 8.  Design closure using the TR algorithm.

 

Fig. 7.  Termination criteria of the ML process.
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The parameters of the second group (ML-based search) are generic, apart from Aglobal and Uglobal which are 
circuit specific. The parameters of the last group (final tuning) are to control the optimization process resolution.

Results
This section validates the size reduction algorithm of Section "Global Miniaturization by pre-screening and 
machine learning with simplex-anchored surrogates". The purpose of the proposed methodology is the expedited 
miniaturization of microwave passives, while performance-related requirements are treated as constraints, as 
explained in Sections "Explicit size reduction through numerical optimization" and "Constraint handling", 
respectively. The complete framework comprises three stages: design space pre-screening (Stage I, described in 
Section "Stage I: Pre-screening"), global search using simplex-based models (Stage II, described in Section "Stage 
II: Machine learning for globalized optimization"), and local refinement using gradient-based algorithm (Stage 
III. described in Section "Stage III: Design closure").

Numerical experiments involve two microstrip couplers, a rat-race circuit with meandered lines, and a 
branch-line structure with compact microstrip resonant cells. The results are compared to those produced using 
the state-of-the-art approaches, which include random-start gradient-based optimization, bio-inspired search 
(here, particle swarm optimizer, PSO, differential evolution, DE, and grey wolf optimization, GWO), and ML 
algorithm operating with kriging metamodels. The quality indicators include achievable circuit size, constraint 
control, and computational efficiency of the search process.

Fig. 9..  Proposed EM-based miniaturization procedure: flow diagram.
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Test cases
Figures 11 and 12 illustrate the architecture and parameters for the two test structures: (i) a rat-race coupler87 
(Circuit I), and (ii) a miniaturized branch-line coupler with compact microstrip resonant cells (CMRCs)88 
(Circuit II). In both cases, the EM representations are prepared in CST Microwave Studio and simulated using 
the time-domain solver. The goal is to diminish the device size A(x) as much as possible, while satisfying two 
constraints: h1(x) = |S31 (x, f0) − S21 (x, f0)| (equal power division at the operating frequency f0), and 
g1(x) = max {f ∈ F : max {|S11 (x, f)| , |S41 (x, f)|}} + 20 dB The merit function employs the penalty 
function approach. We have

	

UP (x) = A(x) + β1

[
max {max{f ∈ F : max{|S11(x, f)|, |S41(x, f)|}} + 20, 0}

20

]2

+

+β2 [(|S31(x, f0)| − |S21(x, f0)|) − K]2
� (12)

in which F is the target range (e.g., 0.95 to 1.05 GHz for Circuit I, cf. Fig. 12), f0 is the operating frequency (e.g., 
1 GHz for Circuit I), and K is the intended power division (here, K = 0 dB). The penalty factors are set to β1 = β2 

Fig. 10..  Proposed EM-based miniaturization procedure: the pseudocode.
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Fig. 12.  Circuit II88: (a) topology, (b) parameters.

 

Fig. 11.  Circuit I87: (a) topology, (b) parameters.

 

Variable Explanation Suggested value

Amin, Amax Minimum and maximum circuit size for the pre-screening stage (cf. Section "Stage I: Pre-screening") Problem dependent

[fminfmax] Acceptance range for the estimated operating frequency of the circuit (pre-screening stage, cf. Section "Stage I: Pre-screening")
A function of the target operating 
band F (e.g., [0.8 1.2] GHz for the 
target frequency of 1 GHz

dSmax Maximum tolerance for power split ratio error (pre-screening stage, cf. Section "Stage I: Pre-screening") Typically, set at relaxed level, 
e.g., 2 dB

Aglobal, 
Uglobal

Termination thresholds (circuit size and maximum objective function value) for globalized search stage (cf. Section "Stage II: 
Machine learning for globalized optimization") Problem dependent

Nglobal Computational budget for globalized search stage (cf. Section "Stage II: Machine Learning for globalized optimization") 100

α Search region extension parameter (cf. Section "Stage II: Machine learning for globalized optimization") 0.2

γ Simplex reduction ratio (cf. Section "Stage II: Machine learning for globalized optimization") 0.5

Dmin
Termination threshold (minimum simplex size) for globalized search stage, cf. Section "Stage II: Machine learning for globalized 
optimization" 1% of the space size

ε Termination threshold for design closure, set to a required process resolution, cf. Section "Stage III: Design closure" 10–3

Mc Multiplication coefficient for launching the Broyden formula for Jacobian updates (cf. Fig. 9, Section "Stage III: Design closure") 10

Table 1.  Control parameters.
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= 103. Observe that the objective function (12) was formulated in such a way that the constraint violations scaled 
by the penalty factors complement the main objective function (i.e., the circuit footprint) to be minimized. The 
adopted values of β1 and β2 were chosen so as to ensure that the contribution of the constraints commensurate 
with the primary objective.

Note that the test problems are demanding, especially in the global search context. On the one hand, the 
parameters ranges are broad: the mean upper-to-lower variable bound ratio > 13 and ≈ 7 for Circuits I and II. 
On the other hand, the frequency range of circuit evaluation is broad, from 0.1 GHz to 2.5 GHz. Both factors 
make the search space difficult to explore, which includes a construction of any sort of surrogate model therein.

Experimental setup
The test circuits are optimized employing the three-stage process of Section "Global miniaturization by pre-
screening and machine learning with simplex-anchored surrogates". The control parameters are established as 
shown in Table 1 (i.e., using default values), except those problem-related, which have been specified in Table 2. 
Therein, both the minimum and maximum sizes Amin and Amax, respectively, come from the previous experience 
with the said devices.

Our algorithm is juxtaposed against a range of benchmarks summarized in Table  3. The first one is a 
random-start local algorithm similar to the TR procedure of Section "Stage III: Design closure". It is considered 
to demonstrate the problem multimodality, which also justifies the necessity of global search. The next three 
methods are nature-inspired algorithms (PSO, DE, GWO), included to demonstrate the issues pertinent to EM-
driven nature-inspired search. It should be noted that the budget for PSO/DE/GWO was set to only 1,000 merit 
function calls, which is generally insufficient for this type of techniques, yet it is significant for direct simulation-
based design, i.e., corresponding to the running times as long as two to three CPU days.

The final benchmark methods are ML frameworks involving kriging and neural network metamodels, and 
the infill conditions based on the maximization of the predicted merit function enhancement. These techniques 
are considered to investigate potential advantages of the suggested procedure regarding computational efficiency, 
especially its second stage (ML search using simplex-based regressors).

Algorithm Algorithm type Setup

I
Trust-region 
gradient-based 
optimizer84

Algorithm setup:
• Random initial design;
• Response gradients estimated using finite differentiation85;
Termination criteria based on convergence in argument and reduction of the trust region size84.

II Particle swarm 
optimizer (PSO)89

Algorithm setup:
• Swarm size N = 10,
• Standard control parameters (χ = 0.73, c1 = c2 = 2.05);
• Number of iterations set to 100.

III Differential 
evolution (DE)91

Algorithm setup:
• Population size N = 10,
• Number of iterations set to 100.

IV
Grey Wolf 
Optimizer 
(GWO)92

Algorithm setup:
• Swarm size N = 10,
• Standard control parameters (χ = 0.73, c1 = c2 = 2.05);
• Number of iterations set to 100.

V Machine learning 
procedure I

Algorithm similar to that of Section "Global miniaturization by pre-screening and machine learning with simplex-anchored surrogates":
• Initial surrogate set up to ensure relative RMS error not higher than 10% with the maximum number of training samples equal to 400;
• Optimization based on processing the circuit frequency characteristics (unlike response features in the proposed procedure);
• Infill criterion: minimization of the projected objective function improvement90.

VI Machine learning 
procedure II

• Surrogate model: artificial neural network (ANN)93,
• ANN setup: feedforward network with three hidden layers (64-32-16 neurons, followed by a fully connected output layer),
• Initial surrogate set up to ensure relative RMS error not higher than 10% with the maximum number of training samples equal to 400,
• No pre-selection procedure is applied,
• Infill criterion: minimization of the projected objective function improvement.

Table 3.  Benchmark methods.

 

Parameter

Circuit

I II

Amin 350 mm2 350 mm2

Amax 450 mm2 450 mm2

[fminfmax] [0.75 1.25] GHz [1.2 1.8] GHz

dSmax 3 Db 3 Db

Aglobal 400 mm2 400 mm2

Uglobal 400 400

Table 2.  Pre-screening parameters for test circuits.

 

https://www.nature.com/scientificreports


Scientific Reports |        (2026) 16:30806 13| https://doi.org/10.1038/s41598-026-60213-6

www.nature.com/scientificreports

Findings
All methods considered were run ten times each. The results are provided in Tables 4 and 5. These include the 
average circuit size, violations of constraints and their standard deviations. The right-hand-side column reports 
the CPU cost expressed both in terms of number of EM analyses of the circuit under consideration, as well as 
in the time units. For all the reported procedures, both our and benchmark ones, the average cost across ten 
algorithm runs is provided. The computational cost of the proposed procedure splits approximately equally 
among its three stages: Stage I (design space pre-screening), Stage II (global search), and Stage III (local tuning). 
The pre-screening stage requires collecting around 3n samples (where n is the design space dimensionality) 
in order to gather the necessary n + 1 high-quality samples. The circuit responses for the chosen optimization 
instances are shown in Figs. 13 and 14.

The slight misalignment of the characteristics in Fig. 13, which presents the responses at the minimum-size 
solutions for Circuit I, is related to the inherent trade-off between size reduction and electrical performance. In 
the considered miniaturized structures (especially those employing folded transmission lines, as in Circuit I), 
footprint minimization typically leads to increased asymmetry in the responses and to a moderate degradation 
of certain performance metrics. This behavior is well known for compact microwave components. In fact such 
phenomenon also may affect miniaturized circuits incorporating CMRRS cells, as in Circuit II. Yet, as shown in 
Fig. 14, this effect is less pronounced than in Circuit I.

Based on the outcomes in Tables 4 and 5, we investigate the operation of our algorithm and compare it to 
Algorithms I through VI. The quality indicators include computational efficiency, achievable circuit size, and the 
constraint handling efficiency.

Regarding design quality, our algorithm yields the results that by far surpass those obtained by the benchmark 
methods. It allows for achieving the smallest circuit areas. This is except for Circuit II and Algorithm III, which 
prevails but at the expense of considerably higher running costs and inferior constraint control. On the other 
hand, our methodology offers competitive handling of design constraints. For both circuits, the average inequality 
constraint violation is less than 2 dB, whereas the equality constraint violation is essentially zero. These numbers 
are significantly better than those associated with the benchmark algorithms, especially the machine learning 
procedures (Algorithms V and VI). The latter is indicative of the challenges related to the establishment of 
reliable surrogate models over large parameter spaces. Algorithms II through IV (nature-inspired optimization) 
perform considerably worse. The obtained sizes are much larger than for other approaches, and so are standard 
deviations. The deficiencies of PSO (as well as DE and GWO for that matter) are related to insufficient CPU 
budget (here, 1,000 merit function evaluations), which was established to avoid excessive execution times. While 
increasing the budget would arguably improve the algorithm performance, it would also make it even more 
impractical from computational perspective.

Excellent repeatability of solutions, measured using spread of the footprint area and constraint violations, 
is another advantage of our technique. The average standard deviation of the circuit area for the benchmark 
techniques is almost 60 mm2 for Circuit I, and over 90 mm2 for Circuit II, whereas it is only 11.9 mm2 and 6.3 

Method

Parameter

Size A 
[mm2]1

Std(A) 
[mm2]2

Inequality constraint Equality constraint

CPU cost7Violation g1 [dB]3
Std(g1) 
[dB]4

Violation h1 
[dB]5

Std(h1) 
[dB]6

Algorithm I 378.0 59.3 4.5 4.3 0.2 0.2 63 [2.8 h]

Algorithm II 543.1 86.8 –1.0 1.6 0.1 0.1 1,000 [44.4 h]

Algorithm III 575.3 91.1 –0.5 1.1 0.3 0.2 1,000 [44.4 h]

Algorithm IV 531.9 65.4 –0.3 1.3 0.2 0.1 1,000 [44.4 h]

Algorithm V 500.9 25.6 12.3 4.8 6.6 4.4 417.4 [18.5 h]

Algorithm VI 484.3 22.8 7.3 5.2 2.4 2.0 453.1 [20.1 h]

Three-stage algorithm (this work) 367.9 11.9 1.8 1.2 0.03 0.06

58.3 [2.6 h]

Stage I: Pre-screening
19.6 
[0.9 
h]

Stage II: Global search
20.5 
[0.9 
h]

Stage III: Local tuning
18.2 
[0.8 
h]

Table 4.  Results for circuit I. 1Optimized footprint area of the circuit averaged over ten algorithm runs. 
2Stanadard deviation of the optimized footprint area averaged over ten algorithm runs. 3Violoation of 
inequality constraint, defined as g1 = max {f ∈ F : max {|S11 (x, f)| , |S41 (x, f)|}} + 20 dB, averaged 
over ten algorithm runs. 4Standard deviation of the constraint violation g1, averaged over ten algorithm 
runs. 5Violoation of equality constraint, defined ash1 =| S31(x, f0) | − | S21(x, f0) | dB averaged over ten 
algorithm runs. 6Standard deviation of the constraint violation h1, averaged over ten algorithm runs. 7Cost 
expressed in terms of equivalent number of EM analyses. Numbers in brackets correspond to the running 
times in hours.
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mm2 for the proposed algorithm (i.e., five and fifteen times smaller, respectively). Similarly, the average standard 
deviation of inequality constraint violation for benchmark methods is around four decibels for both test circuits, 
whereas it is only 1.2 dB and 0.4 dB for Circuits I and II (five and ten times smaller) for our technique. Finally, 
the average standard deviation of equality constraint violation for the benchmark is 1.5 dB and 0.6 dB for Circuit 
I and Circuit II, respectively, but only 0.06 dB and 0.04 dB (i.e., virtually zero) for the proposed method. In other 
words, the procedure suggested in this research yields significantly more consistent results than the benchmark.

Regarding cost efficiency, the our technique is comparable to the local optimization procedure (Algorithm I). 
At the same time, it is considerably faster than both global techniques. The average savings over Algorithms II 
through IV are 94%, 75% over Algorithm V, and almost 80% over Algorithm VI. In other words, our algorithm 
is over twelve times cheaper than PSO, DE and GWO (even though these methods were run under low 
computational budget), and about nine times faster than Algorithms V and VI.
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Fig. 13.  EM-analyzed S-parameters for Circuit I at the minimum-size solutions produced using our 
framework, illustrated for the selected algorithm runs: (a) run 1, A(x*) = 374 mm2, (b) run 2, A(x*) = 372 mm2.

 

Method

Parameter

Size A 
[mm2]1

Std(A) 
[mm2]2

Inequality constraint Equality constraint

CPU cost7Violation g1 [dB]3
Std(g1) 
[dB]4

Violation h1 
[dB]5

Std(h1) 
[dB]6

Algorithm I 295.1 24.7 3.6 1.9 0.2 0.1 77 [5.2 h]

Algorithm II 541.5 240.4 5.5 6.8 0.7 0.1 1,000 [66.7 h]

Algorithm III 533.5 220.4 4.3 6.3 0.5 0.3 1,000 [66.7 h]

Algorithm IV 582.1 198.4 6.1 5.2 0.6 0.4 1,000 [66.7 h]

Algorithm V 270.3 13.3 6.3 3.6 1.0 2.2 398.4 [26.6 h]

Algorithm VI 308.1 19.2 5.0 3.1 0.7 0.9 428.3 [28.6 h]

Three-stage algorithm (this work) 284.2 6.3 1.8 0.4 0.01 0.04

103.1 [6.9 h]

Stage I: Pre-screening
19.6 
[2.3 
h]

Stage II: Global search
20.5 
[2.7 
h]

Stage III: Local tuning
18.2 
[1.9 
h]

Table 5.  Results for circuit II. 1Optimized footprint area of the circuit averaged over ten algorithm runs. 
2Stanadard deviation of the optimized footprint area averaged over ten algorithm runs. 3Violoation of 
inequality constraint, defined as g1 = max {f ∈ F : max {|S11 (x, f)| , |S41 (x, f)|}} + 20 dB, averaged 
over ten algorithm runs. 4Standard deviation of the constraint violation g1, averaged over ten algorithm 
runs. 5Violoation of equality constraint, defined ash1 =| S31(x, f0) | − | S21(x, f0) | dB averaged over ten 
algorithm runs. 6Standard deviation of the constraint violation h1, averaged over ten algorithm runs. 7Cost 
expressed in terms of equivalent number of EM analyses. Numbers in brackets correspond to the running 
times in hours.
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In summary, the performance of the framework presented in this research is superior to the benchmark 
techniques regarding all important aspects: reliability, repeatability of results, and cost efficiency. Competitive 
size reduction rates are accompanied by improved control of design constraints. The average running time is 
comparable to that of local search. These features result from meticulous crafting of the mechanisms employed 
in the presented framework. On the one hand, the pre-screening procedure allows for identifying the parameter 
space subset to be explored by the machine learning stage. Meanwhile, the employment of simple surrogates 
(here, spanned over sets of simplexes handled by the algorithm) contributes to diminishing the CPU costs. 
Finally, expedited design closure initiated with an already decent starting point ensures high quality at minimum 
expense.

Additional experiments were conducted to investigate the effects of the algorithm control parameters. A few 
procedure-specific parameters were considered, including the search region extension parameter α, simplex 
reduction ratio γ, termination threshold for globalized search stage Dmin, and multiplication coefficient Mc for 
launching the Broyden formula for Jacobian updates (in fine-tuning stage). Table 6 gathers the results obtained 
for different configurations of these parameters. As indicated in the table, control parameters have minor 
effect on the algorithm performance, which is expected due to the specific mechanisms incorporated into the 
procedure. For example, the computational cost is mainly determined by the number of simplex relocations and 
termination thresholds, albeit weakly. One trend that can be observed is that the costs are slightly lower if Dmin 
increases. Also, turning into Broyden updates early, i.e., if Mc = 30 instead of 10, slightly degrades constraint 
control. In any case, the observed differences are noticeable yet practically insignificant.

Experimental validation
Selected designs of the test circuits optimized using the presented algorithm were manufactured and 
experimentally validated. We consider the two designs shown in Figs. 13(a) (Circuit I) and Fig. 14(a) (Circuit 
II). The circuit prototypes and a juxtaposition between full-wave simulations and measurements can be found 
in Fig. 15. The alignment between EM analysis and measured S-parameters is satisfactory. There are only small 
deviations resulting from manufacturing inaccuracies, soldering imperfections, and the impact of connectors.

Control parameters Results

α γ Dmin Mc Size A [mm2] Std(A) [mm2]
Inequality constraint Equality constraint

CPU cost
Violation g1 [dB] Std(g1) [dB] Violation h1 [dB] Std(h1) [dB]

0.2 0.5 1% 10 367.9 11.9 1.8 1.2 0.03 0.06 58.3

0.2 0.5 1% 30 362.1 13.8 2.1 1.3 0.07 0.08 57.6

0.2 0.5 2% 10 370.0 12.1 1.7 1.1 0.04 0.06 56.7

0.2 0.3 1% 10 368.2 10.7 1.5 1.0 0.07 0.10 57.8

0.5 0.5 1% 10 372.1 13.0 1.8 1.3 0.04 0.06 61.4

0.5 0.3 2% 30 363.5 15.0 1.9 1.1 0.10 0.10 54.2

Table 6.  The effects of control parameters on algorithm performance for circuit I
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Fig. 14.  EM-analyzed S-parameters for Circuit I at the minimum-size solutions produced using our 
framework, illustrated for the selected algorithm runs: (a) run 1, A(x*) = 285 mm2, (b) run 2, A(x*) = 289 mm2.
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Conclusion
This article proposed a technique for EM-based explicit size reduction of microwave circuits, where the 
conditions imposed on performance metrics treated as constraints. Our methodology is developed to reduce 
the footprint area while maintaining electrical performance regarding center frequency, operating band, 
power division ratio, etc. To allow for low-cost globalized search, the algorithm has been organized as a three-
step process. The initial stage is a randomized pre-screening, which enables determination of the promising 
parameter space region. The second stage is a machine learning search involving simplex models. The final step 
is gradient-based design closure. The latter improves design quality without incurring excessing CPU expenses. 
The proposed methodology was extensively verified using two couplers, and several benchmark algorithms. The 
results confirm excellent performance of our algorithm regarding all relevant aspects: reliability, repeatability of 
solutions, as well as cost efficiency. On the one hand, the presented approach offers competitive size reduction 
rates and improved constraint control over all benchmark procedures. On the other hand, it exhibits remarkable 
efficiency. The running costs are comparable to those of local search. The average cost reduction regarding global 
optimization procedures is 94% (over nature-inspired search), and 74% (over kriging-based machine learning 
framework).

The advantages of the proposed technique demonstrated during the comparative experiments are indicative 
of its suitability for replacing available methods for size-reduction-oriented globalized parameter tuning. The 
method is particularly suitable for handling compact circuits that feature complex geometries. Therein, global 
optimization is highly recommended due to non-intuitive relationships between electrical performance figures 
and specific arrangements of physical dimensions of constitutive components (e.g., compact resonant units), 
whereas the employment of conventional methods such as bio-inspired algorithms is normally prohibitive from 
computational budget perspective. It should be emphasized, that the proposed framework is well suited for 
handling high-dimensional problems. Its exceptional computational efficiency suggests that it can outperform 
conventional techniques involving direct simulation-driven miniaturization of microwave circuits, especially 
using nature-inspired optimization algorithms. Expanding the applicability of the proposed methodology 
to microwave devices featuring a larger number of geometry parameters will be addressed in future work. 
Moreover, although the present study utilizes two microwave couplers as verification structures, the proposed 
miniaturization framework can be extended to a broader class of passive components. Future work will include 

Fig. 15.  Experimental validation of representative designs produced by the presented algorithm: (a) Circuit I, 
(b) Circuit II.
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validation on additional circuits, such as filters or power dividers, to further demonstrate the versatility of the 
method.

Data availability
The datasets generated during and/or analysed during the current study are available from the corresponding 
author on reasonable request.

Received: 30 December 2025; Accepted: 25 June 2026

References
	 1.	 Tian, H. & Dong, Y. Wideband low-loss filter with compact size and wide stopband based on folded planar waveguide. IEEE 

Microw. Wirel. Technol. Lett. 33(6), 651–654 (2023).
	 2.	 Zhou, L., Liu, J., Feng, W., Wu, H. & Xun, M. A novel compact coaxial bandpass filter for T/R module harmonic rejection. IEEE 

Trans. Circuits Syst. II: Express Briefs 70(7), 2380–2384 (2023).
	 3.	 Tang, S. et al. Passive beamforming metasurfaces for microwave-induced thermoacoustic imaging. IEEE Trans. Biomed. Eng. 72(7), 

2303–2310 (2025).
	 4.	 Pandey, A. K., Gangwar, R. K. & Chaudhary, R. K. A compact SD-QMSIW-based self-diplexing MIMO antenna using two modified 

L-shaped slots as radiators for IoT applications. IEEE Internet Things J. 12(3), 2385–2394 (2025).
	 5.	 Erman, F. et al. Power transmission for millimeter-wave indoor/outdoor wearable IoT devices using coplanar waveguide-fed on-

body antenna. IEEE Access 13, 14063–14072 (2025).
	 6.	 Guan, X., Fu, C., Ren, B. & Liu, H. Compact HTS ultra-narrowband bandpass filter using novel meander–twin-spiral resonators 

with interdigital coupling structure. IEEE Microw. Wirel. Technol. Lett. 35(6), 674–677 (2025).
	 7.	 Wang, L. et al. A low-loss slow wave SIW bandpass filter with blind via-holes using TGV technology. IEEE Microw. Wirel. Technol. 

Lett. 34(3), 271–274 (2024).
	 8.	 Lee, J. & Han, S.-M. Compact microwave circuit design with short wavelength on via-guided microstrip lines. IEEE Access 12, 

133481–133488 (2024).
	 9.	 Xu, Y., Zhu, H. & Guo, Y. Jay. Reconfigurable true-time-delay phase shifter using defected ground structure with loaded stubs. IEEE 

Microw. Wirel. Technol. Lett. 35(2), 161–164 (2025).
	10.	 Fan, C. F. et al. Compact dual-band filters using single-cavity SIW and quarter-wavelength stripline resonators. IEEE Microw. 

Wirel. Technol. Lett. 35(8), 1122–1125 (2025).
	11.	 Lu, Q., Sun, J., Zhang, H., Zhang, T. & Zhu, Z. A novel compact wideband bandpass filter with high upper stopband rejection. IEEE 

J. Microw. 5(1), 207–214 (2025).
	12.	 Li, S., Zhu, L. & Ma, K. Low-loss and compact SISL bandpass filter using multilayer stacked DLDCR. IEEE Microw. Wirel. Compon. 

Lett. 35(7), 957–960 (2025).
	13.	 Arsanjani, A. et al. Metasurfaces for filter miniaturization and out-of-band rejection improvement. IEEE Microw. Wirel. Compon. 

Lett. 33(3), 271–274 (2023).
	14.	 Liu, B.-G. & Cheng, C.-H. “Compact triple-mode folded-HMSIW diplexer with wide stopband and high isolation based on 

embedded isolation network”, IEEE Trans. Circuits Syst. II: Express Briefs 69(11), 4298–4302 (2022).
	15.	 Chen, Z., Xu, R. & Shen, Z. Design of a broadband antenna array with compact surface-wave antenna elements. IEEE Antennas 

Wirel. Propag. Lett. 21(2), 337–340 (2022).
	16.	 Chen, C. A compact wideband filtering omnidirectional dipole antenna without extra circuits. IEEE Trans. Antennas Propag. 70(3), 

1729–1739 (2022).
	17.	 Koziel, S. & Pietrenko-Dabrowska, A. Reliability enhancement of EM-based tuning of microwave components using regularized 

operating band scanning. Sci. Rep. 15, 28000 (2025).
	18.	 Ji, S., HuYan, S., Du, L., Xu, X. & Zhao, J. Efficient adjoint-based shape optimization method for the inverse design of microwave 

components. IEEE Trans. Microw. Theory Tech. 73(1), 494–504 (2025).
	19.	 Feng, F. et al. Parallel gradient-based EM optimization for microwave components using adjoint-sensitivity-based neuro-transfer 

function surrogate. IEEE Trans. Microw. Theory Tech. 68(9), 3606–3620 (2020).
	20.	 Qin, P.-F. et al. An efficient scattering characteristics similarity-based tuning-driven optimization method for microwave filters. 

IEEE Trans. Microwave Theory Techn. 73(8), 4534–4546 (2025).
	21.	 Pietrenko-Dabrowska, A., Koziel, S. & Golunski, L. Cost-efficient globalized parameter optimization of microwave components 

through response-feature surrogates and nature-inspired metaheuristics. IEEE Access 12, 79051–79065 (2024).
	22.	 Fu, J. et al. Feature-assisted neural network surrogate-based multiphysics optimization for microwave filters. IEEE Microw. Wirel. 

Technol. Lett. 34(5), 474–477 (2024).
	23.	 Chen, W. et al. Statistical analysis for field-to-line coupling model with noise based on least squares approximation. IEEE Microw. 

Wirel. Technol. Lett. 35(1), 16–18 (2025).
	24.	 A. Pietrenko-Dabrowska and S. Koziel, Design centering of compact microwave components using response features and trust 

regions,” Energies 14:1-15 paper no. 8550 (2021).
	25.	 Zhang, Z., Cheng, Q. S., Chen, H. & Jiang, F. An efficient hybrid sampling method for neural network-based microwave component 

modeling and optimization. IEEE Microw. Wirel. Compon. Lett. 30(7), 625–628 (2020).
	26.	 Garbuglia, F., Spina, D., Deschrijver, D., Couckuyt, I. & Dhaene, T. Bayesian optimization for microwave devices using deep GP 

spectral surrogate models. IEEE Trans. Microw. Theory Techn. 71(6), 2311–2318 (2023).
	27.	 Na, W. et al. Advanced neural space mapping-based inverse modeling method for microwave filter design. IEEE Microwave 

Wireless Techn. Lett. 35(1), 12–15 (2025).
	28.	 Khan, M. R., Zekios, C. L., Bhardwaj, S. & Georgakopoulos, S. V. A deep learning convolutional neural network for antenna near-

field prediction and surrogate modeling. IEEE Access 12, 39737–39747 (2024).
	29.	 Liu, B. et al. An efficient and general automated power amplifier design method based on surrogate model assisted hybrid 

optimization technique. IEEE Trans. Microw. Theory Tech. 73(2), 926–937 (2025).
	30.	 Koziel, S. & Pietrenko-Dabrowska, A. Machine learning for microwave optimization using simplex-based surrogates, dual-

resolution computational models and local tuning with sparse sensitivity updates. Sci. Rep. 15, 4071 (2025).
	31.	 Na, W. et al. Advanced EM optimization using adjoint-sensitivity-based multifeature surrogate for microwave filter design. IEEE 

Microw. Wirel. Compon. Lett. 34(1), 1–4 (2024).
	32.	 Feng, F. et al. Efficient mesh space mapping optimization for tunable filters incorporating structurally simplified coarse mesh 

model without tunable elements. IEEE Trans. Microw. Theory Tech. 73(5), 2587–2600 (2025).
	33.	 Pietrenko-Dabrowska, A. & Koziel, S. Expedited gradient-based design closure of antennas using variable-resolution simulations 

and sparse sensitivity updates. IEEE Trans. Antennas Propag. 70(6), 4925–4930 (2022).
	34.	 He, Y. et al. Hybrid method of artificial neural network and simulated annealing algorithm for optimizing wideband patch 

antennas. IEEE Trans. Antennas Propag. 72(1), 944–949 (2024).

https://www.nature.com/scientificreports


Scientific Reports |        (2026) 16:30806 18| https://doi.org/10.1038/s41598-026-60213-6

www.nature.com/scientificreports

	35.	 Leifsson, L., Du, X. & Koziel, S. Efficient yield estimation of multi-band patch antennas by polynomial chaos-based kriging. Int. J. 
Numer. Model. Electron. Netw. Devices Fields 33(6), e2722 (2020).

	36.	 Liu, Y. et al. Hybrid ANN-GA optimization method for minimizing the coupling in MIMO antennas. AEU – Int. J. Electron. Comm. 
175, 155068 (2024).

	37.	 Gupta, A., Karahan, E. A., Bhat, C., Sengupta, K. & Khankhoje, U. K. Tandem neural network based design of multiband antennas. 
IEEE Trans. Antennas Propag. 71(8), 6308–6317 (2023).

	38.	 Kouhalvandi, L. & Matekovits, L. Hyperparameter optimization of long short-term memory-based forecasting DNN for antenna 
modeling through stochastic methods. IEEE Antennas Wirel. Propag. Lett. 21(4), 725–729 (2022).

	39.	 Zhang, W., Feng, F., Jin, J. & Zhang, Q. J. Parallel multiphysics optimization for microwave devices exploiting neural network 
surrogate. IEEE Microw. Wirel. Compon. Lett. 31(4), 341–344 (2021).

	40.	 Liu, J. P., Wang, B. Z., Chen, C. S. & Wang, R. Inverse design method for horn antennas based on knowledge-embedded physics-
informed neural networks. IEEE Antennas Wirel. Propag. Lett. 23(6), 1665–1669 (2024).

	41.	 Sahu, K. C., Koziel, S. & Pietrenko-Dabrowska, A. Surrogate modeling of passive microwave circuits using recurrent neural 
networks and domain confinement. Sci. Rep. 15, 13322 (2025).

	42.	 Torii, T., Yamashita, A., Komatsuzaki, Y. & Shinjo, S. A novel power splitting for 1.2–5.7-GHz dual-input power amplifier using 
sigmoid function and nonlinear support vector machines. IEEE Trans. Microwave Theory Techn. 73(7), 4241–4253 (2025).

	43.	 Yan, S., Li, Y., Lu, X. & Zhang, J. N. An enhanced space-mapping neural network incorporating a dynamic scaling layer for 
parametric modeling of microwave components. IEEE Microw. Wirel. Technol. Lett. 35(8), 1102–1105 (2025).

	44.	 Rayas-Sánchez, J. E. Cognitive Broyden-based input space mapping for design optimization. IEEE Microw. Wirel. Technol. Lett. 
35(6), 760–763 (2025).

	45.	 Koziel, S. & Pietrenko-Dabrowska, A. Cost-efficient performance-driven modelling of multi-band antennas by variable-fidelity 
EM simulations and customized space mapping. Int. J. Numer. Model. 33(6), e2778 (2020).

	46.	 Cervantes-González, J. C. et al. Space mapping optimization of handset antennas considering EM effects of mobile phone 
components and human body. Int. J. RF Microw. CAE 26(2), 121–128 (2016).

	47.	 Zhou, Z. et al. Bayesian-inspired sampling for efficient machine-learning-assisted microwave component design. IEEE Trans. 
Microw. Theory Techn. 72(2), 996–1007 (2024).

	48.	 Ullah, U., Al-Hasan, M., Koziel, S. & Ben Mabrouk, I. EM-driven size reduction and multi-criterial optimization of broadband 
circularly-polarized antennas using Pareto front traversing and design extrapolation. Sci. Rep. 12, 9877 (2022).

	49.	 Zhu, H. & Abbosh, A. M. A compact tunable directional coupler with continuously tuned differential phase. IEEE Microw. Wirel. 
Compon. Lett. 28(1), 19–21 (2018).

	50.	 Barik, R. K., Koziel, S. & Szczepanski, S. Highly-miniaturized dual-mode bandpass filter based on quarter-mode substrate 
integrated waveguide with wide stopband. IEEE Access 10, 42149–42156 (2022).

	51.	 Pietrenko-Dabrowska, A., Koziel, S. & Mahrokh, M. Optimization-based high-frequency circuit miniaturization through implicit 
and explicit constraint handling: recent advances. Energies 15(19), 6955 (2022).

	52.	 Koziel, S. & Pietrenko-Dabrowska, A. On computationally-efficient reference design acquisition for reduced-cost constrained 
modeling and re-design of compact microwave passives. IEEE Access 8, 203317–203330 (2020).

	53.	 Pietrenko-Dabrowska, A. & Koziel, S. Numerically efficient algorithm for compact microwave device optimization with flexible 
sensitivity updating scheme. Int. J. RF Microw. Comput. Aided Eng. https://doi.org/10.1002/mmce.21714 (2019).

	54.	 Koziel, S. & Pietrenko-Dabrowska, A. Reliable EM-driven size reduction of antenna structures by means of adaptive penalty 
factors. IEEE Trans. Antennas Propag. 70(2), 1389–1401 (2021).

	55.	 Mahrokh, M. & Koziel, S. Improved-efficacy EM-based antenna miniaturization by multi-fidelity simulations and objective 
function adaptation. Energies 15(2), 403 (2021).

	56.	 Wu, J., Yang, Z.-J., Du, Z.-G. & Tian, A.-Q. Surrogate-assisted multi-objective snow goose algorithm with Gaussian process for cold 
chain logistics. IEEE Access 13, 67350–67365 (2025).

	57.	 Konstantinou, R., Kanbaz, I., Yurduseven, O. & Matthaiou, M. Differential evolution-based end-fire realized gain optimization of 
active and parasitic arrays. IEEE Access 13, 9857–9867 (2025).

	58.	 Solak, A., Onat, A. & Kilinç, O. An improved bare bones particle swarm optimization algorithm based on sequential update 
mechanism and a modified structure. IEEE Access 13, 4789–4814 (2025).

	59.	 Hourani, A. W. A., Abido, M. A. & Kassas, M. A Comprehensive review of transformer design optimization using evolutionary 
algorithms: advances, challenges, and future directions. IEEE Access 13, 187995–188010 (2025).

	60.	 Abdullah, M. & Koziel, S. Supervised-learning-based development of multi-bit RCS-reduced coding metasurfaces. IEEE Trans. 
Microw. Theory Tech. 70(1), 264–274 (2021).

	61.	 Van Nechel, E., Ferranti, F., Rolain, Y. & Lataire, J. Model-driven design of microwave filters based on scalable circuit models. IEEE 
Trans. Microw. Theory Tech. 66(10), 4390–4396 (2018).

	62.	 Ma, J. et al. Revolutionizing microwave circuit design with machine learning: Challenges and opportunities. IEEE Commun. Mag. 
62(8), 100–106 (2024).

	63.	 Chouhan, B. S. et al. Machine learning-driven ultra-broadband terahertz multilayer metamaterial. J. Lightwave Technol. 43(6), 
2734–2744 (2025).

	64.	 Chen, C., Liu, J. & Xu, P. Comparison of infill sampling criteria based on Kriging surrogate model. Sci. Rep. 12, 678 (2022).
	65.	 Forrester, A. I. J. & Keane, A. J. Recent advances in surrogate-based optimization. Prog. Aerosp. Sci. 45, 50–79 (2009).
	66.	 Fischer-Bühner, A., Anttila, L., Brihuega, A., Dev Gomony, M. & Valkama, M. Predistortion of GaN power amplifier transient 

responses in time-division duplex using machine learning. IEEE Microw. Wirel. Technol. Lett. 35(6), 924–927 (2025).
	67.	 Wu, Q., Wang, H. & Hong, W. Multistage collaborative machine learning and its application to antenna modeling and optimization. 

IEEE Trans. Antennas Propag. 68(5), 3397–3409 (2020).
	68.	 Koziel, S. & Pietrenko-Dabrowska, A. Performance-Driven Surrogate Modeling of High-Frequency Structures (Springer, 2020).
	69.	 Lim, D. K., Yi, K. P., Jung, S. Y., Jung, H. K. & Ro, J. S. Optimal design of an interior permanent magnet synchronous motor by using 

a new surrogate-assisted multi-objective optimization. IEEE Trans. Magn. 51(11), 8207504 (2015).
	70.	 Toktas, A., Ustun, D. & Tekbas, M. Multi-objective design of multi-layer radar absorber using surrogate-based optimization. IEEE 

Trans. Microw. Theory Tech. 67(8), 3318–3329 (2019).
	71.	 Koziel, S. & Pietrenko-Dabrowska, A. On EM-driven size reduction of antenna structures with explicit constraint handling. IEEE 

Access 9, 165766–165772 (2021).
	72.	 Koziel, S. & Pietrenko-Dabrowska, A. Direct constraint control for EM-based miniaturization of microwave passives. Sci. Rep. 12, 

13320 (2022).
	73.	 Sheng, Z.-J. & Li, E. Dynamic multi-objective evolutionary algorithm based on spectral clustering prediction. IEEE Access 13, 

176421–176433 (2025).
	74.	 Kang, L., Wang, Y. & Liu, Z. Holt-based prediction correction dynamic multiobjective evolutionary algorithm for IoT with AAV in 

aerial edge computing. IEEE Internet Things J. 12(9), 11207–11219 (2025).
	75.	 Bagherkhani, S., Rahmat-Samii, Y. & De Flaviis, F. An automated dynamic solution-space adaptation in particle swarm 

optimization. IEEE Trans. Ant. Propag. 73(11), 9523–9528 (2025).
	76.	 Singh, P. et al. Rapid multi-objective antenna synthesis via deep neural network surrogate-driven evolutionary optimization. IEEE 

J. Multiscale Multiphys. Comput. Tech. 10, 151–159 (2025).

https://www.nature.com/scientificreports
https://doi.org/10.1002/mmce.21714


Scientific Reports |        (2026) 16:30806 19| https://doi.org/10.1038/s41598-026-60213-6

www.nature.com/scientificreports

	77.	 Lee, J., Choi, J. & Kang, J. Harmony search-based optimization for multi-RISs MU-MISO OFDMA systems. IEEE Wirel. Commun. 
Lett. 12(2), 257–261 (2023).

	78.	 Li, X. & Guo, Y.-X. Multiobjective optimization design of aperture illuminations for microwave power transmission via 
multiobjective grey wolf optimizer. IEEE Trans. Ant. Propag. 68(8), 6265–6276 (2020).

	79.	 Darvish, A. & Ebrahimzadeh, A. Improved fruit-fly optimization algorithm and its applications in antenna arrays synthesis. IEEE 
Trans. Antennas Propag. 66(4), 1756–1766 (2018).

	80.	 Fu, K. & Leung, K. W. Machine-learning-assisted swarm intelligence algorithm for antenna optimization with mixed continuous 
and binary variables. IEEE Trans. Antennas Propag. 73(3), 1662–1673 (2025).

	81.	 Angeletti, P. et al. Phase-only synthesis for large planar arrays via zernike polynomials and invasive weed optimization. IEEE Trans. 
Antennas Propag. 70(3), 1954–1964 (2022).

	82.	 J. M. Kovitz and Y. Rahmat-Samii, “Ensuring robust antenna designs using multiple diverse optimization techniques,” Proc. IEEE 
Ant. Propag. Symp., pp. 408–409 (2013).

	83.	 Yu, L., Meng, Z. & Zhu, H. A hierarchical surrogate-assisted differential evolution with core space localization. IEEE Trans. Cybern. 
55(2), 939–952 (2025).

	84.	 A.R. Conn, N.I.M. Gould, and P.L. Toint, Trust Region Methods, MPS-SIAM Series on Optimization (2000).
	85.	 Levy, H. & Lessman, F. Finite Difference Equations (Dover Publications Inc., 1992).
	86.	 Broyden, C. G. A class of methods for solving nonlinear simultaneous equations. Math. Comput. 19, 577–593 (1965).
	87.	 Koziel, S. & Pietrenko-Dabrowska, A. Reduced-cost surrogate modeling of compact microwave components by two-level kriging 

interpolation. Eng. Opt. 52(6), 960–972 (2019).
	88.	 Tseng, C. & Chang, C. A rigorous design methodology for compact planar branch-line and rat-race couplers with asymmetrical 

T-structures. IEEE Trans. Microw. Theory Techn. 60(7), 2085–2092 (2012).
	89.	 S.S. Vinod Chandra and H.S. Anand, 2022 Nature inspired meta heuristic algorithms for optimization problems Computing 104 

251-269
	90.	 J. Liu, Z. Han, W. Song, Comparison of infill sampling criteria in kriging-based aerodynamic optimization,“ 28th Int. Congress of 

the Aeronautical Sciences, pp. 1-10 Brisbane Australia 23-28 (2012).
	91.	 Taran, N., Ionel, D. M. & Dorrell, D. G. Two-level surrogate-assisted differential evolution multi-objective optimization of electric 

machines using 3-D FEA. IEEE Trans. Magn. 54(11), 8107605 (2018).
	92.	 Hasan, A. S., İnan, A. & Shyaa, M. A. Advancements in multi-objective grey wolf optimization: Improvements and applications 

with angle quantization. IEEE Access 13, 178412–178435 (2025).
	93.	 Vang-Mata, R. (ed.) Multilayer Perceptrons (Nova Science Pub. Inc., 2020).

Acknowledgement
The authors would like to thank Dassault Systemes, France, for making CST Microwave Studio available.

Author contributions
Conceptualization, S.K. and A.P.; methodology, S.K. and A.P.; data generation, A.P.; investigation, S.K.; writ-
ing—original draft preparation, A.P. and S.K.; writing—review and editing, S.K.; visualization, A.P. and S.K.; 
supervision, S.K.; project administration, A.P. and S.K.

Funding
This work is partially supported by the Icelandic Centre for Research (RANNIS) Grant 2410297 and by the Na-
tional Science Centre of Poland Grant 2024/55/B/ST7/01413.

Declarations

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to S.K.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note  Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access   This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 
4.0 International License, which permits any non-commercial use, sharing, distribution and reproduction in 
any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide 
a link to the Creative Commons licence, and indicate if you modified the licensed material. You do not have 
permission under this licence to share adapted material derived from this article or parts of it. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence 
and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to 
obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​:​/​/​c​r​e​a​t​i​v​e​c​o​m​m​o​
n​s​.​o​r​g​/​l​i​c​e​n​s​e​s​/​b​y​-​n​c​-​n​d​/​4​.​0​/​​​​​.​​

© The Author(s) 2026 

https://www.nature.com/scientificreports
www.nature.com/reprints
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

	﻿Simplex-anchored regressors for fast global optimization-oriented miniaturization of microwave circuits
	﻿Optimization-driven size reduction
	﻿﻿Explicit size reduction through numerical optimization
	﻿﻿Constraint handling

	﻿﻿Global miniaturization by pre-screening and machine learning with simplex-anchored surrogates
	﻿﻿Stage I: Pre-screening
	﻿﻿Stage II: Machine learning for globalized optimization
	﻿﻿Simplex-based surrogate model
	﻿Globalized search by machine learning


	﻿﻿Stage III: Design closure
	﻿﻿Complete algorithm
	﻿﻿Results
	﻿Test cases
	﻿Experimental setup
	﻿Findings
	﻿Experimental validation

	﻿Conclusion
	﻿References


