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A B S T R A C T

Electromagnetic (EM)-based optimization is imperative for most microwave circuits. This is because designs 
produced by circuit theory methods require further adjustments to ensure satisfactory performance. Unfortu
nately, repetitive EM simulations incurred by optimization procedures are associated with considerable expenses. 
Expediting the process is essential to reduce the time span of design cycles and time-to-market in the case of 
industrial products. One possibility is utilization of variable-resolution EM simulations; however, available 
frameworks typically employ two discrete levels of fidelity (coarse/fine) combined with often sophisticated 
model correction methods. This paper proposes an alternative approach to accelerated microwave component 
tuning. Our methodology involves a continuous spectrum of EM simulation resolutions, which are controlled 
using the convergence and design quality indicators of the underlying optimization routine. A management 
scheme adjusting the model resolution is developed to utilize the lowest usable resolution at the search process 
onset, which is continuously increased as the algorithm approaches convergence and the objective function 
reaches satisfactory levels. The final stages are carried out with high-fidelity resolution to ensure accuracy. 
Verification experiments conducted using three microstrip circuits demonstrate over sixty percent of average 
savings over the reference (single-resolution) gradient-based routine, and noticeable and consistent acceleration 
regarding several state-of-the-art expedited versions. Selected designs are experimentally validated.

1. Introduction

Electromagnetic (EM) simulation has become fundamental in mi
crowave design [1–4]. The primary reason is the ability of EM simula
tion to quantify mutual coupling, the impact of the circuit environment 
(connectors, housing), substrate anisotropy, or multi-physics phenom
ena [5–8], which cannot be quantified otherwise. Evaluation reliability 
is essential for complex circuits developed to meet the needs of emerging 
applications (5 G, energy harvesting, space communications, wireless 
power transfer [9–12]), compact systems [13–15], and those realizing 
functionalities that enable hardware re-use (dual-, multi-band capability 
[16–19], reconfigurability [20], custom phase responses [21]). The 
challenge pertinent to the development of geometrically sophisticated 
circuits is the need for meticulous adjustment of multiple parameters, 
which entails repetitive EM analyses. The accumulated cost thereof 
might be impractically high even for local tuning [22–24], let alone 
global optimization (frequently realized by means of bio-inspired 
methods [25–28]), or uncertainty quantification [29,30].

Expediting EM-based procedures has been extensively researched. 
Some of existing methodologies are gradient-based routines expedited 
through adjoint sensitivities or other methods reducing the computa
tional burden related to sensitivity evaluation (mesh deformation, 
sparse Jacobian updating schemes) [31–36]. In recent years, an 
increasing interest in surrogate-assisted methods was observed 
regarding data-driven and physics-enabled ones [37–40]. Behavioral 
modelling is more popular due to accessibility of third-party toolboxes 
[41,42], and includes a broad range of techniques (kriging, support 
vector regression, neural networks, polynomial chaos expansion 
[43–47]). Yet, modelling microwave circuit responses over broad 
parameter ranges and frequencies is extremely difficult. Consequently, 
practical surrogate-based frameworks are typically implemented as 
machine learning (ML) procedures. Therein, the metamodel is itera
tively enhanced and applied as a low-cost predictor [48–52]. Due to the 
mentioned challenges, suitability of ML methods is restricted to rela
tively simple devices [53,54]. Physics-enabled offer improved immunity 
to dimensionality-related challenges while being less versatile as the 
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lower-fidelity models are problem-dependent [55–58]. Yet another 
group of methods are feature-based techniques [59,60], offering 
potentially tremendous computational benefits at the expense of being 
contingent upon the existence of so-called characteristics points of the 
circuit responses [60].

Given a plethora of available optimization methods, it should be 
emphasized that globalized search is used rather sparsely (e.g., design of 
metasurfaces, synthesis of antenna array patterns, frequency-selective 
surfaces [61–63], parameter adjustment of compact structures based 
on CMRCs [64]). Most EM-driven tasks are related to local tuning, most 
often realized using gradient-based search. The reason is that decent 
starting points are frequently generated at the early steps of circuit 
development. The acceleration methods applicable for gradient algo
rithms include the adjoint sensitivities mentioned. Notwithstanding, it is 
an intrusive methodology, and it is not readily available through com
mercial EM solvers. Sparse sensitivity updating schemes [65–67] are 
more straightforward to implement and offer up to fifty percent savings 
while presenting noticeable quality deterioration. On the other hand, 
variable-resolution algorithms may be remarkably efficient, but they are 
heavily reliant on appropriate arrangement (choosing the low-fidelity 
representation and its augmentation techniques) [56,68,69]. 
Increasing the number of model fidelities may be beneficial [70], yet a 
practical issue is model handling, e.g., selecting the proper resolution 
levels [71]. Recently, a model adjustment scheme was suggested [72], 
with the model resolution adjusted continuously utilizing convergence 
indicators. The method of [72] is rather intrinsic to implement and re
quires restarting the search process upon premature convergence (i.e., if 
the resolution level did not reach the maximum assumed level). On the 
other hand, it offers considerable computational advantages over the 
baseline (single resolution) procedure.

This paper proposes an alternative model management scheme with 
the EM analysis level chosen from a continuous family of resolutions, 
which might be adjusted between the lowest and the high-fidelity one. 
The resolution adjustment is guided by the convergence and design 
quality indicators. In particular, the lowest resolution is used early in the 
search process and continuously increases when the algorithm ap
proaches convergence and the objective function value reach satisfac
tory levels. Making the model fidelity a function of system quality leads 
to additional speedup. This is achieved by limiting the waste of 
computational resources on poor designs. Extensive verification exper
iments demonstrate excellent performance of the presented technique 
with computational savings of up to 74 % with only minor reliability 
degradation. At the same time, the presented approach is competitive to 
several accelerated procedures. Another attractive feature of the dis
cussed method is its simple implementation and handling.

2. Convergence-quality model management for expedited 
variable-resolution microwave optimization

In this part of the paper, we elaborate the proposed optimization 
procedure. The focus is on variable-resolution EM modelling and model 
fidelity handling. The design problem statement (Section 2.1) is fol
lowed by outlining a conventional gradient-based algorithm to be used 
as a baseline algorithm (Section 2.2), characterization of variable- 
resolution simulations (Section 2.3), and convergence/quality- 
dependent model management (Section 2.4). The complete algorithm 
is summarized in Section 2.5.

Fig. 1. EM-driven microwave optimization. Formulation of the problem: (a) terminology, (b) design task.
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2.1. Microwave circuit optimization. Problem formulation

As elaborated on in Section 1, initial designs obtained using circuit 
theory methods [73] must be further tuned to achieve satisfactory 
operation and boost the performance. The essential components of this 
process include a selection of adjustable parameters and defining the 
merit function (quantifying the design quality), and optional con
straints. If multiple design goals are present, they are typically handled 

by selecting the main goal and casting other objectives into constraints. 
Proper multi-objective optimization (e.g., [27,52]) is not within the 
scope of this study. Fig. 1 gathers the notation used in the context of 
design optimization and analytical problem formulation. Fig. 2 collects 
representative design endeavors and the associated merit functions.

Fig. 2. EM-driven microwave optimization. Examples of representative design optimization scenarios.

Fig. 3. Operating principles of the baseline TR algorithm.

S. Koziel and A. Pietrenko-Dabrowska                                                                                                                                                                                                     Journal of Computational Science 101 (2026) 102996 

3 



2.2. Baseline algorithm: trust-region optimization with finite-difference 
gradients

The variable-resolution approach and the associated model man
agement introduced in this paper can be combined—in principle—with 

any iterative optimization procedure.
The optimization algorithm considered here is the trust-region (TR) 

procedure [74] with the system response Jacobian calculated through 
finite differences. It is perhaps the most representative local tuning 
method utilized in high-frequency engineering. A variation of this 

Fig. 4. Multi-fidelity EM-analysis for a power divider: (a) circuit architecture, (b) evaluation time vs. mesh density (controlled by LPW), (c) S-parameter responses 
for selected LPWs. The mesh density of the high-fidelity model (—), and the lowest low-fidelity one (- - -), are represented by vertical lines.

Symbol Meaning Default value

Qc.min
Lower bound on Qc to determine whether 
optimization is near convergence (Qc

(i) < Qc.min)
1 (one decade from convergence on a 

logarithmic scale)

Qc.max

Upper bound on Qc to determine whether the 
process is away from convergence (Qc

(i) > 
Qc.max)

3

Qq.min
Lower bound on Qq to determine whether the 
design quality is satisfactory (Qq

(i) < Qq.min)

Problem dependent, e.g., 0 dB for a 
constrained objective function defined to 

minimize in-band reflection/isolation

Qq.max
Upper bound on Qq to determine whether the 
design quality is poor (Qq

(i) > Qq.max)

Problem dependent, e.g., –15 dB for a 
constrained objective function defined to 

minimize in-band reflection/isolation

Fig. 5. Control parameters used by the proposed variable-resolution model management scheme.
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procedure is available in CST Microwave Studio [75]. The main TR al
gorithm steps are outlined in Fig. 3. The candidate designs x(i + 1) 

rendered in the ith iteration are found by optimizing the first-order 
linear model L(i), which acts as a predictor replacing EM-simulated 
collected circuit outputs marked as R(x). The search region size d(i) is 
controlled using the prediction quality quantified using the gain ratio r. 
The specific form of L(i) is associated with the type of circuit charac
teristic. In the case of S-parameters, specifically Skl, it is defined as (f 
stands for frequency) 

S(i)
kl.L(x, f) = Skl(x(i), f)+Gkl(x(i), f)⋅(x − x(i)) (7) 

where x(i) is the current solution. In (7), Gkl(x(i),f) is the gradient of Skl at 
x(i). Sensitivity data is generated using finite differences, which entails n 
extra EM evaluations, where n is the decision variable space dimen
sionality. Several sparse sensitivity updating schemes were proposed, 
including adaptive Broyden updates [67], gradient variability tracking 
[36], or design relocation tracking [76]. We will explore some of these 
techniques in 3 as benchmark algorithms.

2.3. Variable-fidelity EM analysis

Variable-resolution analysis is employed in this study to accelerate 
EM-based optimization. Coarse-mesh EM analysis or other types of 

lower-fidelity models [55] have been used for quite a while for that 
purpose. However, two levels are predominantly considered (low-/
high-fidelity). Most often, the low-resolution model undergoes appro
priate correction to serve as dependable predictor (space mapping [40], 
response correction [77,78]).

It can also be used within ML procedures [49] to facilitate parameter 
space exploration, or to boost the efficacy of surrogate model con
struction (e.g., co-kriging [79]). The main issue related to these ap
proaches is that the low-resolution model must be properly selected 
regarding the associated trade-off between its cost and predictive power, 
which is not a trivial matter [71].

For illustration, Fig. 4 shows a dual-band power divider to be later 
used as a verification case study in Section 3, as well as its frequency 
characteristics evaluated using EM analysis of different resolutions. The 
model’s mesh density is decided upon by means of the lines-per- 
wavelength (LPW) coefficient, which determines the mesh density of 
the EM model of the device in CST Microwave Studio (here, using the 
time-domain solver). The EM simulation time as a function of LPW has 
been visualized in Fig. 4(b), whereas Fig. 4(c) demonstrates the circuit S- 
parameters for different resolution levels. It can be noted that reducing 
LPW beyond nine leads to a severe distortion of the response. Conse
quently, LPW = 9 can be considered the lowest usable value. Mean
while, LPW of 27 can be viewed as the high-fidelity representation as 
increasing discretization density further has essentially no effect on the 
frequency characteristics.

In the following, that lowest and the higher LPWs will be denoted as 
Lmin and Lmax, respectively. In this work, we employ the entire spectrum 
of resolutions L within the range Lmin ≤ L ≤ Lmax. The specific model 
management scheme will be elucidated in the next section.

The selection of the minimum and maximum model fidelity levels 
Lmin and Lmax is an important aspect of the proposed methodology. 
However, it should be emphasized that the selection process is complex, 
primarily because the appropriate values are problem dependent and 
vary considerably among real-world components. The selection process 
must take into account the trade-off between simulation cost and model 
accuracy. Some general rules may be formulated: 

• The discretization of the low-fidelity should not be too coarse to 
avoid excessive response distortion, which may compromise the 
reliability of the design process,

Fig. 6. Convergence and quality indicator computation (8), (9), and their transformation using the transition function T of (10).

Fig. 7. Model fidelity L(i) as a function of transformed convergence and quality 
indicators, here, assuming Lmin = 10, and Lmax = 25.
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• The discretization of the low-fidelity should not be excessively fine, 
as this would unnecessarily increase the computational cost and 
reduce the benefits of using a low-fidelity model,

• The discretization of the fine-fidelity model should not be excessively 
fine, as this would unnecessarily increase the computational cost of 
the design process without providing any improvement in accuracy.

In practice, the fidelity range is established through experience- 
guided visual inspection of the model responses. This procedure in
volves (see Fig. 4): 

1. Simulation of a family of model responses at different model reso
lution levels at the initial design. As a rule of thumb, when the 
parameter LPW of CST Microwave Studio is employed for setting the 
model resolution level, a recommended range is approximately 7–30,

2. Assessment of the relationship between model accuracy and simu
lation time for the considered design case (cf. Fig. 4(b)),

3. Identification of the coarsest discretization that preserves the 
essential features and trends of the response (cf. Fig. 4(c)) while 
providing a meaningful reduction in simulation time (cf. Fig. 4(b)).

4. Determination of the fine model resolution beyond which further 
refinement produces no significant changes in the model response 
(cf. Fig. 4(c)).

2.4. Model management strategy

The EM model resolution L is controlled during optimization within 
the range from Lmin to Lmax using a custom model management scheme 
described below. For demonstration, it is coupled with the TR routine 
introduced in Section 2.2. The goal is to expedite the search process 
without affecting its reliability. Towards this end, the following rules are 
to be observed: 

• The lowest admissible resolution Lmin should be used early in the 
optimization run to enable acceleration,

• The highest fidelity Lmax must be applied at the conclusion of the 
optimization run to secure evaluation quality,

• The resolution adjustment should involve factors such as the 
convergence status, here, measured by ||x(i+1) – x(i)||;

• The resolution changes should also depend on the quality of the 
current design, e.g., the value of the merit function U(x(i)); in 
particular, evaluating poor designs at lower resolution levels allows 
reducing the waste of computational resources,

• For stability, the resolution adjustments should be monotonic w.r.t. 
the mentioned factors.

Recall that the TR algorithm is aborted if ||x(i+1) – x(i)|| < εTR (cf. 
Fig. 3). The threshold εTR = 10–3 in the verification studies discussed in 
Section 3. The model adjustment strategy uses the convergence and 
quality indicators Qc

(i) and Qq
(i) formulated as 

Q(i)
c = log

(
||x(i+1) − x(i)||

εTR

)

(8) 

Q(i)
q = U

(
x(i)) (9) 

We also need additional control parameters introduced in Fig. 5. 
According to these, the model resolution starts increasing when Qc

(i) 

< Qc.max and reaches the maximum value w.r.t. this criterion when Qc
(i) 

> Qc.min. Similarly, the resolution start increasing when Qq
(i) < Qq.max, 

and reaches the maximum value w.r.t. the quality-related when Qq
(i) 

> Qq.min. The design problems considered in Section 3 are formulated to 
improve in-band reflection and port isolation (the minimax objective 
function defined similarly as shown in Fig. 2). Therefore, Qq.min is set to 
–10 dB and Qq.max = 0 dB because the expected objective function 
values at satisfactory designs are at the level lower than –10 dB.

The control parameters of the model management scheme influence 
the algorithm’s performance, and their recommended values are based 
on the practical considerations. The parameter Qc.min allows assessing 
whether the optimization process is close to convergence. Hence, its 
recommended value is 1, which corresponds to the optimization pro
cedure being one decade from convergence on a logarithmic scale. While 

Fig. 8. Pseudocode of the proposed procedure. The circuit characteristics are marked as R(x), whereas JR(x) is the Jacobian matrix.
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the parameter Qc.max allows assessing whether the optimization process 
is away from convergence, and its recommended value equals 3. 
Increasing Qc.min would lead to the premature use of the high-fidelity 
model, which would significantly reduce the efficiency of the entire 
procedure. While increasing Qc.max would lead to the prolonged use of 
the low-fidelity model, which could reduce the accuracy of the optimal 
design

The quality-related parameters are problem-dependent. We recom
mend (see Fig. 5) using Qq.min = 0 dB and Qq.max = –15 dB for a con
strained objective function defined to minimize in-band reflection/ 
isolation. If other arrangements need to be applied, a designer needs to 
set the quality-related parameters based on what is considered accept
able or unacceptable for the specific design objectives in question.

One final component of the model management procedure is the 
transition function T defined as follows: 

T(q, qmin, qmax) =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

1 if q < qmin

qmax − q
qmax − qmin

if qmin ≤ q ≤ qmax

0 if q > qmax

(10) 

Using (8), (9), and (10), we are now able to provide a formula for 
adjusting the model fidelity L(i) at the end of the ith iteration. We have 

L(i+1) = max
{

L(i), Lmin +(Lmax − Lmin)T
(

Q(i)
c ,Qc. min,Qc. max

)

T
(

Q(i)
q ,Qq. min,Qq. max

)} (11) 

As mentioned earlier, L(0) = Lmin, i.e., the search starts using the 
lowest usable resolution. According to (11), the EM analysis fidelity is a 
function of the convergence and design quality indicators. If a satisfac
tory design is attainable, i.e., there is a parameter vector x for which 
Qq(x) < Qq.min, then the model resolution will eventually increase to 
Lmax when the algorithm approaches convergence (that is, when Qc(x) 
< Qc.min). The latter ensures that the high-fidelity simulation is 

Fig. 9. Flow diagram of the proposed variable-fidelity procedure.
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employed at the final optimization stages. On the other hand, if a 
satisfactory design is not reachable in terms of the quality indicator Qq, 
then the high-fidelity model will not be used. It should be reiterated that 
the model management strategy proposed here is simpler than the multi- 
fidelity scheme of [72]. Recall that the latter requires re-starting the 
search if the high-fidelity model (Lmax) was not employed when close to 
convergence.

A visualization of the quantities used to control the EM analysis 
resolution and the management scheme can be found in Fig. 6. A visu
alization of the functional dependence between the convergence and 
quality indicators and the model resolution (parameter L) has been 
provided in Fig. 7.

Further acceleration can be achieved by evaluating the circuit 
response sensitivities within the TR scheme at the resolution level which 
is lower than L(i). More specifically, finite differentiation is carried out 
using the resolution LFD, established as 

LFD = max
{
Lmin, λL(i)} (12) 

The resolution-governing parameter in (12) is λ = 2/3 as recom
mended in [72]. Clearly, EM simulation at the resolution level LFD is less 
accurate than at the level L(i); however, as the models of different 
fidelities are evaluated using the same procedure (here, FDTD), they are 
normally well correlated even if their misalignment is noticeable in 
absolute terms.

2.5. Complete optimization algorithm

Fig. 8 provides the pseudocode of the algorithm incorporating the 
management strategy of Section 2.4. For auxiliary explanation, Fig. 9
presents the block diagram of the framework. The only control param
eters are the termination threshold εTR and the multiplier λ for setting up 
the resolution level LFD for finite differentiation (cf. (12)). Their default 
values are 10–3 and 2/3, accordingly. The bounds for convergence and 
quality indicators have been discussed in Section 2.3, see also Fig. 5. The 
resolution levels Lmin and Lmax are problem dependent. As discussed in 
Section 2.3, these are determined through initial simulations, and a vi
sual inspection of the circuit characteristics. All of the controls param
eters are juxtaposed in Table 1.

3. Numerical results

The variable-resolution algorithm presented in Section 2 is show
cased here using three microstrip circuits, a power divider, an imped
ance matching transformer, and a compact branch-line coupler. The 
performance of our procedure is juxtaposed against the baseline TR 
routine of Section 2.2, two accelerated versions [76,80], as well as the 
multi-fidelity technique of [72]. The test cases have been outlined in 
Section 3.1, whereas the benchmark methods are summarized in Section 
3.2. Comparative experiments involve multiple optimization runs 
starting from randomly selected parameter vectors. The performance 
metrics, the optimization cost and design dependability measured using 
the merit function value at the final designs. The outcomes are collected 
in Section 3.3 and interpreted in Section 3.4. Section 3.5 covers proto
typing and measurements of selected designs optimized using our 

Table 1 
Control parameters of the presented algorithm.

Purpose Symbol Description Default 
value

Variable-fidelity 
model management 
scheme

Qc.min Determination whether 
optimization is near 
convergence

1

Qc.max Determination whether the 
process is away from 
convergence

3

Qq.min Determination whether the 
design quality is satisfactory

Problem 
dependent

Qq.max Determination whether the 
design quality is poor

Problem 
dependent

Model resolution Lmin The lowest model fidelity Problem 
dependent

Lmax The highest model fidelity Problem 
dependent

λ Setting the resolution for 
sensitivity evaluation LFD 

= max{Lmin, λL(i)}

2/3

Algorithm 
termination

εTR Termination threshold 10–3

Fig. 10. Circuit I: dual-band power divider [81]: (a) parameterized circuit geometry (100-ohm resistor marked as R), (b) essential parameters and design goals, (c) 
variable-resolution model setup, (d) dependence between LPW and the EM analysis time. Vertical lines mark Lmin (- - -) and Lmax (—) considered for the circuit.
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method.

3.1. Test cases

Figs. 10–12 show the verification circuits, their essential parameters, 
the variable-resolution model setup, and the dependence of the EM 
simulation time on the model resolution. The EM models are prepared in 
CST Microwave Studio and evaluated by means of the time-domain 
solver.

Circuit I (a dual-band power divider) is to be optimized for minimum 
input and output matching and port isolation, at the two bands [2.3 2.5] 
GHz and [3.7 3.9] GHz. Circuit II (a 50-to− 100-ohm impedance 
matching transformer) is optimized for best matching within the fre
quency range 1.5 GHz to 4.5 GHz. Circuit III (a compact branch-line 

coupler) is optimized for minimum in-band matching and port isola
tion at the operating band 0.95 GHz to 1.05 GHz, while preserving equal 
power split ratio at f0 = 1 GHz. It should be reiterate that the ratio of the 
simulation time between the high- and the lowest-resolution models is 
close to seven for Circuit I, over four for Circuit II, and about 2.5 for 
Circuit III, which indicates that considerable savings may be achieved 
due to the variable-resolution approach.

3.2. Experimental setup. Benchmark algorithms

The algorithm introduced in Section 2 is juxtaposed against several 
benchmark methods described in Fig. 13. These include the baseline TR 
procedure discussed in Section 2.2, which solely employs the high- 
fidelity EM model, two accelerated versions [76,80], both using sparse 

Fig. 11. Circuit II: three-section 50-to− 100-ohm impedance matching transformer [82]: (a) parameterized circuit geometry (unit cell and the three-section circuit), 
(b) essential parameters and design goals, (c) variable-resolution model setup, (d) dependence between LPW and the EM analysis time. Vertical lines mark Lmin (- - -) 
and Lmax (—) considered for the circuit.

Fig. 12. Circuit III: compact branch-line coupler [83]: (a) parameterized circuit geometry, (b) essential parameters and design goals, (c) variable-resolution model 
setup, (d) dependence between LPW and the EM analysis time. Vertical lines mark Lmin (- - -) and Lmax (—) considered for the circuit.
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sensitivity updates, and the multi-fidelity approach of [72]. A remark 
should be made that presented optimization framework is a local gra
dient‑based design technique, and therefore it is compared against al
gorithms belonging to the same class. An alternative direction in 
microwave design involves machine‑learning‑based surrogate‑assisted 
approaches. However, methods of this class require training dedicated 
models before any design tasks can be carried out. This training stage is 
computationally demanding due to the high-nonlinearity of the com
ponents’ responses and the broad parameter ranges, and it typically by 
far exceeds the cost associated with our methodology. Moreover, 

surrogate‑based optimization constitutes a fundamentally different 
category of techniques and is outside the scope of the present work.

All algorithms have been run 10 times initiated from randomly 
selected starting points. This setup allows for gathering meaningful in
formation and diminishing bias related to a specific starting point 
selection.

The operation of the procedure is evaluated based on the following 
factors: 

Fig. 13. Benchmark methods used to validate the variable-resolution algorithm proposed in this work.
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• The optimization cost concerning the equivalent number of high- 
fidelity EM analyses of the device of interest,

• Reliability quantified using the mean value of the merit function over 
ten algorithm runs performed,

• Result repeatability estimated using the standard deviation of the 
merit function.

As mentioned earlier, the initial designs are assigned randomly, 
which means that the optimized parameter vectors may be associated 
with different local solutions. Consequently, the objective function’s 
standard deviation is unlikely to be zero, and repeatability comparisons 
should be done with respect to the standard deviation of the baseline 
algorithm instead of the zero value.

Table 2 
Results for Circuit I.

Algorithm Performance figure

Costa Cost savingsb Objective function valuec Objective function 
degradationd

Standard deviation of the objective functione

Algorithm 1 (Conventional TR search) 91.9 – –17.2 dB – 1.8 dB
Algorithm 2 (Accelerated TR search [76]) 60.6 34% –17.7 dB –0.5 dB 3.8 dB
Algorithm 3 (Accelerated TR search [80]) 72.4 21% –16.9 dB 0.3 dB 3.7 dB
Algorithm 4 (Multi-fidelity [72]) 31.7 66% –17.2 dB 0.0 dB 1.6 dB
Variable-resolution (this work) 23.7 74% –16.7 dB 0.5 dB 1.7 dB

a Number of equivalent high-fidelity EM simulations averaged over 10 algorithm runs.
b Relative computational savings in percent w.r.t. the reference algorithm.
c Objective function value averaged over 10 algorithm runs.
d Degradation of the objective function value w.r.t. the baseline algorithm in dB, averaged over 10 algorithm runs.
e Standard deviation of the objective function value in dB computed for the set of 10 algorithm runs.

Table 3 
Results for Circuit II.

Algorithm Performance figure

Costa Cost savingsb Objective function 
valuec

Objective function 
degradationd

Standard deviation of the objective 
functione

Algorithm 1 (Conventional TR search) 123.8 – –20.7 dB – 1.1 dB
Algorithm 2 (Accelerated TR search [76]) 79.3 36% –20.7 dB 0 dB 0.7 dB
Algorithm 3 (Accelerated TR search [80]) 59.5 52% –20.3 dB 0.4 dB 1.2 dB
Algorithm 4 (Multi-fidelity [72]) 78.3 37% –19.3 dB 1.4 dB 1.8 dB
Variable-resolution (this work) 60.6 51% –19.3 dB 1.4 dB 1.9 dB

a Number of equivalent high-fidelity EM simulations averaged over 10 algorithm runs.
b Relative computational savings in percent w.r.t. the reference algorithm.
c Objective function value averaged over 10 algorithm runs.
d Degradation of the objective function value w.r.t. the baseline algorithm in dB, averaged over 10 algorithm runs.
e Standard deviation of the objective function value in dB computed for the set of 10 algorithm runs.

Table 4 
Results for Circuit III.

Algorithm Performance figure

Costa Cost 
savingsb

Maximum in- 
band |S11|, |S41|c

Degradation of maximum 
in-band |S11|, |S41|d

Std of the 
objective 
functione

Power 
split ratioc

Degradation of the 
power split ratiof

Std of the 
power split 
ratiog

Algorithm 1 
(Conventional TR 
search)

85.1 - –16.3 dB - 3.3 dB 0.1 dB - 0.2 dB

Algorithm 2 
(Accelerated TR search 
[76])

70.0 18% –16.8 dB –0.5 dB 0.8 dB 0.1 dB 0 dB 0.1 dB

Algorithm 3 
(Accelerated TR search 
[80])

38.1 55% –16.0 dB 0.3 dB 3.8 dB 0.3 dB 0.2 dB 0.4 dB

Algorithm 4 (Multi- 
fidelity [72])

53.7 37% –13.6 dB 2.7 dB 2.4 dB 0.4 dB 0.3 dB 0.5 dB

Variable-resolution (this 
work)

33.6 61% –15.0 dB 1.3 dB 1.9 dB 0.3 dB 0.2 dB 0.4 dB

a Number of equivalent high-fidelity EM simulations averaged over 10 algorithm runs.
b Relative computational savings in percent w.r.t. the reference algorithm.
c The value averaged over 10 algorithm runs.
d Degradation of the maximum in-band |S11|/|S41| w.r.t. the baseline algorithm in dB, averaged over 10 algorithm runs.
e Standard deviation of the maximum in-band |S11|/|S41| in dB computed for the set of 10 algorithm runs.
f Degradation of the power split ratio w.r.t. the baseline algorithm in dB, averaged over 10 algorithm runs.
g Standard deviation of the power split ratio in dB computed for the set of 10 algorithm runs.
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3.3. Results

Tables 2 through 4 gather numerical results obtained for Circuits I 
through III. Meanwhile, Figs. 14–16 show—for chosen runs of the pre
sented algorithm—the EM-evaluated frequency responses along with 
the evolution of the model resolution. The data in Tables 2–4 consists of 
the mean values of the computational cost and merit function values, 
and their standard deviations, acquired during ten separate runs of each 
procedure. The expenses are given concerning the number of high- 
fidelity EM analyses, computed considering the actual simulation 
times of EM models of different resolutions.

3.4. Discussion

Using the data collected in Tables 2, 3, and 4, the operation of the 
presented variable-resolution algorithm is analyzed and compared to the 
procedures included in the benchmark set. Regarding cost efficiency, the 
presented methodology enables significant acceleration as over the 
baseline gradient-based routine (Algorithm 1). The savings exceed 74% 
for Circuit I, 51% for Circuit II, and 61% for Circuit III. As expected, the 
speedup is to a certain extent correlated with high-to-low model time 
evaluation ratio, which is about seven for Circuit I, about four for Circuit 
I, and slightly less than three for Circuit III.

The efficacy of the procedure considered is also significantly boosted 

Fig. 14. Circuit I: (a) S-parameters versus frequency for the selected run of the presented algorithm: (- - -) initial design, (—) optimized design; target bands denoted 
using the vertical lines; (b) history of the model resolution; horizontal lines mark (Lmin (- - -) and Lmax (—).

Fig. 15. Circuit II: (a) S-parameters versus frequency for the selected run of the presented algorithm: (- - -) initial design, (—) optimized design; target band denoted 
using the vertical lines; (b) history of the model resolution; horizontal lines mark (Lmin (- - -) and Lmax (—).
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over the expedited TR routines (Algorithms 2 and 3), except for Algo
rithm 3 and Circuit II. Therein, the speedup achieved by Algorithm 3 is 
essentially the same as for our procedure. The average savings for Al
gorithms 2/3 are 28 % for Circuit I versus 74 % for the proposed algo
rithm. The corresponding numbers for Circuit II are 44 and 51 %, and 37 
and 61 % for Circuit III.

It is also interesting to compare our methodology and the multi- 
fidelity approach of [72] (Algorithm 4). At can be observed, it is 
consistently faster for all considered test cases (74 versus 66 % savings 
for Circuit I, 51 versus 37 % for Circuit II, and 61 versus 37 % for Circuit 
III). A possible reason is that the algorithm introduced in this work 
employs an additional degree of freedom for model revolution adjust
ment, which is design quality. One should also remember that the pro
cedure of [72] is more complex to implement than the technique 
presented here.

In terms of reliability, our methodology leads to a certain quality 
degradation, which is, however, only 0.5 dB on the average for Circuit I, 
slightly more than 1 dB for Circuit II, and about 1.3 dB for Circuit III (all 
regarding the baseline Algorithm 1). Meanwhile, the degradation is 
comparable to the multi-fidelity algorithm [72] (Algorithm 4), yet 
slightly more pronounced than for Algorithms 2 and 3.

Solution consistency, measured using the standard deviation of the 
merit function value, is essentially the same as that for the presented 
method and the baseline algorithm (Algorithm 1) for Circuit I, only 
slightly worse for Circuit II, but better for Circuit III. Meanwhile, the 
accelerated TR procedures (Algorithms 2 and 3) are somehow incon
sistent: their corresponding standard deviations are very high for Circuit 
I (over twice as high as for other techniques), and lower than the average 
for Circuit II. For Circuit III, Algorithm 2 performs much better than 
Algorithm 3 in terms of the average design quality and solution con
sistency. Finally, the standard deviation of the merit function is essen
tially the same for the proposed technique and multi-fidelity Algorithm 
4, except Circuit III, where the proposed approach prevails.

In summary, the proposed variable-resolution procedure offers 
competitive computational savings with minor degradation of reli
ability. It is straightforward to implement and can be integrated with 
several iterative search procedures. Therefore, it might be perceived as 
an high-performance alternative to conventional gradient-based rou
tines but also their accelerated versions, including a prior 

implementation of the multi-fidelity scheme [72]. Because our tech
nique employs numerical derivatives (finite differentiation) at all algo
rithm iterations, further acceleration is possible. It can be achieved by 
combining it with sparse sensitivity updating strategies (e.g., [76,80]), 
which will be investigated as a part of the future work.

3.5. Experimental validation

For supplementary illustration, selected designs, specifically, those 
considered in Figs. 14 through 16 were fabricated and measured. In the 
case of Circuit II, the device was manufactured in a back-to-back 
configuration because of using a 50-ohm-compatible measurement 
setup. The pictures of the prototypes and EM-simulated and experi
mentally validated responses are provided in Fig. 17. The agreement 
between the datasets is very good. Only small discrepancies can be 
noticed, which are primarily due to fabrication imperfections and the 
effects of connectors.

4. Conclusion

This research developed an innovative approach to expedited design 
closure (tuning) of microwave passive circuits using variable-resolution 
electromagnetic simulation models. Our approach involves a manage
ment scheme, where the model resolution is controlled based on the 
convergence and quality indicators. The search process starts at the 
lowest admissible level. The resolution steadily increases as the algo
rithm converges, and the design quality improves. This two-criterial 
adjustment strategy prevents from wasting computational resources 
when away from a satisfactory solution, thereby yielding significant 
computational speedup. Extensive verification was carried out using 
several microstrip circuits, and several state-of-the-art local optimiza
tion algorithms, including a recently reported multi-fidelity method. 
Numerical results demonstrate considerable savings of up to 74 % that 
can be obtained over the baseline (single resolution) algorithm with only 
small deterioration of the design quality. The suggested technique has 
been also shown to outperform accelerated algorithms regarding 
computational efficiency, and comparable to these in terms of reli
ability. The approach presented here may be considered a high- 
performance alternative to traditional design closure procedures. It is 

Fig. 16. Circuit III: (a) S-parameters versus frequency for the selected run of the presented algorithm: (- - -) initial design, (—) optimized design; target band denoted 
using the vertical lines; (b) history of the model resolution; horizontal lines mark (Lmin (- - -) and Lmax (—).
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simple to implement and to integrate with diverse iterative search 
frameworks, particularly gradient-based algorithms. One of the aims of 
future research is the development of improved versions of the tech
nique that ensure further acceleration, but also automation of the EM 
model resolution range determination. Furthermore, expanding the 
validation using a broader range of microwave structures to demon
strate the general applicability of the proposed methodology will be 
considered for future work.
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