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A B S T R A C T

Electromagnetic (EM) solvers are widely used in microwave design for their accuracy, but are computationally 
expensive. Surrogate models offer a remedy, yet face challenges such as the curse of dimensionality. This work 
introduces a novel inverse modeling approach using deep learning and carefully selected response features to 
predict circuit geometry from desired operating parameters such as center frequency and power split ratio. Data 
samples for model training are collected through a performance-driven sequential process. Setting the model at 
the feature level implicitly reduces dimensionality, as the feature set is smaller than the geometry parameter set. 
This allows reliable regressors to be built with far fewer training samples, greatly lowering computational cost. 
Additional savings are achieved through explicit dimensionality reduction, carried out using global sensitivity 
analysis. To set up an inverse surrogate, we employ a customized residual deep residual neural network (ResNet), 
which is particularly well-suited for capturing dependencies between features and geometry parameters. This is 
due to ResNet’s resilience to a certain degree of parametric redundancy in the circuit structure. The inverse 
model produces parameter vectors sufficiently close to the optimal ones, thus only minor refinement is necessary. 
Also, our model is shown to be more accurate than state-of-the-art forward and inverse metamodels. The pro
posed ResNet embedded in the inverse modeling regime and combined with dimensionality-reduced sequential 
sampling are the main artificial intelligence-related contributions of this study. Engineering applications 
encapsulate the successful employment of our framework for rapid global circuit optimization, as exemplified 
using three microwave passives.

1. Introduction

The design of modern microwave devices would be inconceivable 
without the use of simulation tools. It is particularly the initial phase of 
device development that heavily utilizes full-wave electromagnetic 
(EM) simulations [1–4]. The primary advantage of EM analysis is its 
ability to capture a wide range of phenomena affecting device perfor
mance, among others, cross-coupling [5], losses of various kind e.g., 
dielectric or radiation) [6], anisotropy [7], but also the influence of 
external appliances (e.g., connectors). These effects must be precisely 
quantified to ensure trustworthy analysis of circuit behavior. This is 
particularly important when designing more and more complex 
contemporary components (miniaturized structures, or those involving 
metamaterials or substrate-integrated waveguides [8–13]). The growing 
geometrical complexity of microwave components is, in turn, a 
byproduct of the increasing requirements of modern application areas 

(mobile communications [14], automotive radars [15], microwave im
aging [16], energy harvesting [17], etc.). For these reasons, the use of 
EM analysis becomes indispensable. Still, its unparalleled accuracy 
comes at a considerable cost, often rendering simulation-intensive pro
cedures uneconomical due to excessive CPU demands. This holds true 
for virtually all design procedures, including numerical optimization 
[18–20], and also robust [21–23] or multi-criterial design [24–26]. The 
excessive cost of simulation-driven design persists regardless of the 
specific type of numerical optimization algorithm employed. For 
example, nature-inspired routines [27,28]––although very popular 
nowadays––are typically cost-prohibitive. While the computational 
burden associated with gradient-based algorithms [29,30] is generally 
less severe, though still significant.

These obstacles led the researchers to resort to alternative and more 
cost-efficient approaches. The first group of the developed methodolo
gies focuses on expediting direct simulation-driven design procedures 
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using various mechanisms, e.g., by lowering the cost of sensitivity 
evaluation for gradient-based algorithms (sparse sensitivity updates 
[31,32], adjoint sensitivities [33], or mesh deformation [34]). The ac
celeration of gradient-based optimization can also be achieved through 
feature-based techniques (leveraging regular relationships between the 
design variables and feature points situated on the device response) 
[35,36]. Another option are variable-resolution methods such as space 
mapping [37], or dimensionality reduction approaches, e.g., model- 
order reduction [38]. The second important group of techniques 
aimed at cost-efficient microwave design relies on surrogate modeling 
[39–42]. Two types of models can be distinguished: physics-based 
[43–46] and behavioral [47–50]. The former is primarily applied in 
local search, whereas the latter is typically used for global optimization. 
The most common use of surrogate models is in machine learning (ML) 
procedures [51–54], where the model is typically refined iteratively 
throughout the course of the algorithm. In surrogate modeling of high- 
frequency components, the aforementioned response feature technique 
is also applied as it enables a remarkable reduction in the cost of 
acquiring training data [55,56].

The appeal of behavioral (data-driven) models in microwave engi
neering lies in their widespread accessibility and straightforward 
deployment [53,57–61]. Lately, artificial neural networks (ANNs) have 
experienced a rising interest within this group of surrogates and are 
frequently the modeling method of choice in ML-based frameworks. A 
range of ANN architectures with varying levels of complexity is 
employed. Simpler models include multi-layer perceptrons (MLPs) 
[62–68], deep neural networks (DNNs) [69–71], and convolutional 
neural networks (CNNs) [72–74]. Among the more advanced architec
tures in use are long short-term memory (LSTM) networks [75], evolu
tionary networks [76], autoencoders [77], and variable-fidelity NNs 
[78]. Nevertheless, the application of neural networks for standalone or 
broad-purpose modeling remains limited, although several recent at
tempts have been made [79–84]. Unfortunately, in the aforementioned 
works, ANNs serve merely as simple regressors, incapable of repre
senting non-trivial relationships between design parameters and system 
responses. Thus, they exhibit limitations akin to those of other data- 
driven modeling techniques.

This study proposes a novel technique for the inverse modeling of 
microwave devices that exploits regression models and response fea
tures. In the developed framework, the model predicts geometry pa
rameters of the component based on the problem-specific knowledge in 
the form of key points identified in its responses. These points (features) 
are selected to enable the evaluation of important performance in
dicators (e.g., center frequency, power split). The data acquisition pro
cedure operates sequentially, with sample acceptance based on its 
quality. This allows for assessing the extent of the model domain. As the 
number of feature points is smaller than that of design variables, implicit 
dimensionality reduction occurs, lowering the amount of data needed 
for an accurate model setup. In addition, explicit dimensionality 
reduction is performed through global sensitivity analysis, further 
enhancing the cost efficiency of the entire process. For model con
struction, a customized residual neural network (ResNet) is employed, 
capable of effectively learning the interrelations between features and 
geometry parameters. The key advantage of ResNet lies in its enhanced 
generalization capability compared to other neural network-based 
modeling approaches, arising from the unique characteristics of the re
lationships between the feature space and circuit’s geometrical param
eters, and also the inherent parametric redundancy within the design 
space. The ultimate purpose of the developed inverse model is practical 
design applications. The surrogate enables the identification of globally 
optimal designs that meet the intended operating conditions over 
extended parameter ranges. Specifically, it facilitates the generation of 
near-optimal designs based on target performance specifications, which 
are subsequently refined at low cost using an accelerated gradient-based 
algorithm. The developed modeling framework has been demonstrated 
using three microwave devices and has been shown to outperform 

several kernel-based and neural network modeling approaches with 
regard to reliability. The proposed model was also demonstrated to be 
suitable for design applications, specifically, global circuit optimization 
under diverse performance requirements.

This study delivers several technical contributions, which include (i) 
development of a novel inverse modeling methodology operating at the 
level of response features to be used in microwave design, (ii) deploy
ment of sequential procedure for training data generation, with 
embedded feature extraction routine, to maintain model validity across 
diverse operating scenarios, (iii) the development of a customized deep 
residual neural network for accurate representation of the feature space 
and reliable prediction of the circuit geometry parameters correspond
ing to the target values of the operating conditions, (iv) demonstrating 
the model’s superiority over extensive set of state-of-the-art forward and 
inverse data-driven models, (v) demonstrating the model’s usefulness 
for design purposes through extensive application case studies (global 
circuit optimization).

2. Regression-Based inverse modeling with response features

This section details the proposed modeling methodology. Section 2.1
introduces the core concept and key prerequisites of the approach. 
Section 2.2 describes the response features and the procedure used for 
their extraction. The dimensionality reduction technique employed to 
improve modeling efficiency is presented in Section 2.3. Section 2.4
depicts the introduced deep residual neural network (ResNet), devel
oped to implement the inverse surrogate. A step-by-step summary of the 
entire modeling workflow is given in Section 2.5, followed by Section 
2.6, which discusses the application of the developed model to circuit 
design tasks (global optimization).

2.1. Inverse versus forward modeling: prerequisites and benefits

Conventional surrogate models follow a forward-oriented frame
work, where circuit frequency responses (mainly S-parameters) are 
expressed as functions of design parameters, typically device di
mensions. However, as highlighted in Section 1, constructing such 
models is difficult due to the high dimensionality of the design space, 
nonlinear system behavior, and wide parameter limits. Additionally, 
forward models do not directly support design tasks and require a 
separate optimization step. In this research, we adopt an inverse 
modeling approach, wherein the model inputs are meticulously selected 
characteristic (feature) points of the circuit responses, while the outputs 
are the design parameters. The features are chosen to represent essential 
performance indicators, such as center frequency, bandwidth, power 
split ratio, or even material properties (e.g., substrate permittivity), 
enabling the model to produce design vectors tailored to specific oper
ating targets. To effectively capture the intricate mapping between 
response features and design variables, we utilize a customized deep 
neural network architecture (specifically, a residual neural network), 
described in detail in Section 2.3.

Some essential advantages of inverse surrogates compared to tradi
tional forward models should be highlighted: 

• Inverse models typically offer higher accuracy, as the mapping be
tween response feature points and design variables is generally less 
nonlinear than that between geometric parameters and full fre
quency responses.

• Inverse models require considerably fewer training samples to ach
ieve robust performance, reducing the overall modeling effort.

• Because the number of feature points is often smaller than the 
number of design variables, inverse modeling inherently introduces 
dimensionality reduction.

• Training is confined to regions of the design space that yield 
acceptable or high-performance solutions (i.e., where valid feature 
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points exist), improving model reliability and avoiding wasteful 
sampling in suboptimal areas.

• Inverse models enable direct prediction of design parameters for 
given target specifications, eliminating the need for a separate 
optimization phase as required in traditional forward-model-based 
design workflows.

2.2. Response features and feature extraction. training data acquisition

The core of the introduced inverse modeling methodology lies in the 
use of response features, whose definition corresponds to the considered 
design specifications. The two following vectors are of interest: a vector 
of design parameters x = [x1 … xn]T (typically, comprising the device’s 
dimensions), and a vector of response features v = [v1 … vK]T. For 

Fig. 1. Example of feature definitions for S-parameters of a microwave coupler: 
|S11| (—), |S21| (⋅⋅⋅⋅), |S31| |(− − − ), |S41| (− .). The features include: two fre
quencies f1 (blue) and f2 (red) corresponding to the minima of |S11| (blue) and | 
S41| (red) characteristics, and the corresponding levels l1 (blue) and l2 (red). 
The operating parameters of the coupler can be estimated based on the features 
as: coupler’s center frequency f0 = (f1 + f2)/2 (black), and its power split ds = | 
S21(f0)| – |S31(f0)| (black).

Fig. 2. Example of feature definitions for band enhancement of a microwave coupler (only |S11| and |S41| responses are shown for clarity): (a) Case I (both minima 
below –20 dB), the features are: the frequencies delimiting –20-dB band of |S11| (blue) response, i.e., f11 and f21 (blue), along with the frequencies delimiting –20-dB 
band of |S41| (red) response, i.e., f12 and f22 (red); (b) Case II (both minima above –20 dB), the features are: the frequencies f1 (blue) and f2 (red) indicating the 
minima of |S11| (blue) and |S41| (red) responses, respectively, and the corresponding levels l1 (blue) and l2 (red); (c) Case III (only one minimum above –20 dB, here, 
for |S41| (red) characteristics, similar definitions hold for the opposite case), the features are: the frequencies corresponding to –20-dB band of |S11| (blue) response, i. 
e., f11 and f21 (blue), and the level l1 = –20 dB (black), and also frequency f2 (red) corresponding to the minimum of |S41| (red) response and the respective level 
l2 (red).

Fig. 3. Example of feature definitions for a dual-band power divider: |S11|(– – 
–) (red), |S21| (—), |S31| (− –), |S22| (–.), and |S33| (⋅⋅⋅⋅). For simplicity, the 
features are extracted solely from one of the component’s characteristics, i.e., 
S11 (red). The feature set comprises four elements: frequencies f1 and f2 (red), 
corresponding to the minima of the S11 characteristics, and the associated levels 
l1 and l2 (red).
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illustration, Figs. 1 through 4 present examples of how response features 
can be defined for various microwave components and various design 
problems. Fig. 1 shows S-parameters of a microwave coupler, for which 
the performance indicators include the operating frequency and power 
split. For this type of the device, the feature set contains two frequencies 
f1 and f2 matching the minima of |S11| and |S41| characteristics, and the 
respective levels l1 and l2. Using these, the operating parameters of the 
coupler can be evaluated as follows. The center frequency can be 
assessed as f0 as the average value of the frequencies f1 and f2 (i.e., f0 =

(f1 + f2)/2). While power split is evaluatd at the estimated operating 
frequency f0 as ds = |S21(f0)| – |S31(f0)|. Consequently, the feature vector 
would be v = [f1 f2 l1 l2 ds]T.

If, however, the enhancement of the coupler’s bandwidth is of in
terest, a different choice of response features is required (see Fig. 2). 
Here, the feature vector would comprise the frequencies defining the 
–20 dB bandwidth: f11 and f21 (assessed based on |S11| characteristics), 
as well as the frequencies f21 and f22 (assessed based on S41 character
istics). The remaining feature would be the level l1 = –20 dB. Conse
quently, the feature set would consist be v = [f11 f21 f12 f22 l1 l2]T. The 
aforementioned feature arrangement pertains to Case I shown in Fig. 2
(a), in which the frequencies corresponding to –20 dB band can be 
discerned for both responses. Whereas Fig. 2(b) illustrates Case II, where 
the minima of both considered responses exceed –20 dB. In this case, we 
assign f11 = f21 = f1 (the frequency at the minimum of |S11|) and simi
larly f12 = f22 = f2 (the frequency at the minimum of |S41|). As for the 
levels, we set l1 and l2 to the values of the minima of |S11| and |S41| 

characteristics, respectively. This approach allows for maintaining a 
consistent number of feature points regardless of the design quality. 
Furthermore, Case III shown in Fig. 2(c), refers to a situation, in which 
only one of the minima exceeds the –20 dB level. This case is illustrated 
in Fig. 2(c) for the |S11| characteristics; a similar definition applies when 
the minimum of the S41 characteristics exceeds –20 dB instead. In this 
case, the features comprise the frequencies delimiting the –20-dB band 
of the S11 response, i.e., f11 and f21, while f12 = f22 = f2 (i.e., the fre
quency corresponding to the minimum of |S41| response). In addition, 
the level l1 = –20 dB is included in the response set, along with the level 
l2 at the minimum of the S41 characteristics. Consequently, the feature 
vector becomes v = [f11 f21 f12 f22 l1 l2]T.

Another example is presented in Fig. 3, which shows the S-parame
ters of a dual-band power divider. To simplify feature extraction, despite 
existing multiple responses, the features are assessed solely from one of 
the component’s characteristics, i.e., |S11|. Consequently, the feature 
vector contains four entries: frequencies f1 and f2, corresponding to the 
minima of the |S11| characteristics, and the associated levels l1 and l2. In 
this case, the feature vector takes the form of v = [f1 f2 l1 l2]T.

The last example is shown in Fig. 4, for a microwave filter (here, a 
third-order one). For this component, the feature vector is as follows v =
[f1 f2 l1 l2 lm1 lm2]T. The first two entries refer to the frequencies f1 and f2 
delimiting the filter’s passband. The next two entries are the values of 
the |S11| characteristics at these frequencies. Finally, lm1 and lm2 corre
spond to the maxima of the component’s response within the band.

This example can be generalized to higher-order filter structures by 
including additional features corresponding to other minima. It should 
also be noted that, regardless of the component under consideration, the 
feature vector may also include additional parameters. An example of 
such a parametr is the substrate permittivity εr, if the model is intended 
to include the possibility of implementing the component of interest on 
different substrate materials.

Once the response features are defined, the next step is to acquire the 
training data. In this work, we adopt a randomized sequential sampling 
approach. A series of candidate design vectors xtmp

(j) is generated, and 
for each candidate, the corresponding feature vector v(xtmp

(j)) is 
extracted from the EM-evaluated response R(xtmp

(j)). A sample is 
accepted into the training dataset only if it meets predefined threshold 
criteria for all feature components. Fig. 5 outlines the pseudocode of this 
sampling procedure, along with relevant commentary. Importantly, this 
process not only builds the training dataset but also implicitly defines 
the region of validity for the inverse model, based on the spatial 

Fig. 4. Exemplary feature definitions for a microwave filter. The feature set 
comprises six elements: frequencies f1 and f2 (red), which define the filter’s 
passband, the corresponding value lb (red) of the S11 characteristics at these 
frequencies, and the levels lm1 and lm2 (blue) corresponding to the maxima of 
the component’s response within the band, as well as the respective frequencies 
fm1 and fm2 (blue). For higher-order filter structures, the feature set can be 
expanded to include additional minima.

Fig. 5. Training data generation for inverse modeling of microwave circuits.
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distribution of accepted samples. Conversely, rejected candidates 
correspond to regions associated with poor-performance designs and are 
therefore excluded from the modeling process.

After completing the data acquisition process, we obtain a set of 
sample pairs {v(xt

(j)), xt
(j)}, j = 1, …, Nt, which serve as the basis for 

constructing the inverse model s(v): F → X, where F represents the 
feature space. During the model identification phase (see Section 2.4), 
the feature vectors v(xt

(j)) are used as inputs to the surrogate model, and 
the corresponding design vectors xt

(j) as outputs. The chosen modeling 
framework—a deep residual neural network—is described in detail in 
Section 2.4.

2.3. Dimensionality reduction using global sensitivity analysis

As previously noted, the curse of dimensionality poses a significant 
obstacle in building accurate data-driven models. To address this, the 
proposed modeling framework incorporates explicit dimensionality 
reduction. Rather than operating within the full design space X, training 
data is generated within a reduced affine subspace Xd, identified through 
fast global sensitivity analysis (FGSA) [85]. FGSA efficiently determines 
the most influential directions—those that have a notable impact on the 
circuit’s electromagnetic (EM) responses. The process involves evalu
ating the differences in EM responses between randomly generated 
sample pairs, from which a relocation matrix S is constructed. Spectral 
decomposition of S yields eigenvectors ej that represent principal di
rections of variation in the circuit output. The importance of each di
rection is quantified by its corresponding eigenvalue λj, j = 1,…,n. The 
reduced domain Xd is then spanned by the Nd < n most significant ei
genvectors. The latter are chosen such that the “energy” captured by 
these directions satisfies the condition || [λ1 … λNd]T || / || [λ1 … λn]T || 
≥ Cmin (here Cmin = 0.9, see [85] for details). 

Xd =

{

x ∈ X : x = xc +
∑Nd

j=1
ajej

}

∩ X (1) 

where aj are real numbers, and xc is the geometric center of X. One of the 
practical advantages of FGSA is its low computational cost: in this study, 
it is carried out using only fifty random samples.

2.4. Residual deep neural network for inverse modeling

Predicting geometric design parameters from microwave frequency 
response features presents two principal challenges. First, the input 
space is redundant—distinct geometries may yield similar frequency 
responses (e.g., overlapping resonance bands). Second, the number of 
valid training samples is limited, particularly after discarding low- 
quality data based on frequency-domain acceptance criteria (cf. Sec
tion 2.3). These factors make the inverse mapping task highly sensitive 
to both underfitting and overfitting: shallow models often lack sufficient 
capacity, while deeper ones tend to overfit even with careful 
regularization.

Given this trade-off, our choice of model architecture was driven by 
the need for sufficient depth to capture non-linear structure, while 
preserving generalization. Preliminary experiments showed that stan
dard deep neural networks (DNNs), convolutional neural networks 
(CNNs), and radial basis function (RBF) models overfit rapidly. While 
simpler alternatives such as support vector regressors (SVRs) and ridge 
regression consistently underfit, even with extensive tuning (see Section 
3 for comparative results).

2.4.1. ResNets: motivation and background
To address the trade-off between model complexity and generaliza

tion in the inverse modeling task, we adopt a compact Residual Neural 

Fig. 6. The proposed ResNet architecture: block diagram. The network processes feature vectors derived from frequency responses through two residual blocks, each 
combining a main path with a projection shortcut. The final dense layer outputs the predicted geometric parameters. All hidden layers use 256 neurons, and layer 
types and dimensions are indicated.
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Network (ResNet) architecture [86]. ResNets, originally introduced for 
image classification, incorporate skip connections that allow neural 
layers to learn residual functions—i.e., corrections over the identi
ty—rather than full input–output mappings. This structure improves 
gradient flow and reduces convergence issues, particularly in deep 
networks [87].

Although ResNets were designed for convolutional image models, 
their core mechanism of residual learning extends naturally to regres
sion tasks with redundant or correlated inputs [88]—such as ours. We 
adapt this architecture for 1D feature vectors derived from frequency 
responses, enabling stable training even with limited and noisy data. 
Unlike typical ResNet variants used in computer vision, our version 
omits convolutional layers entirely and employs a shallow structure 
with just two residual blocks. The design choice was made after repeated 
trials with increasingly deeper variants under constrained data condi
tions. The chosen configuration represents the smallest network that 
reliably generalizes across all design cases considered.

By using residual connections in a fully connected setting, the model 
avoids the optimization instability seen in standard multilayer percep
trons (MLPs), while maintaining enough capacity to capture non-linear 
dependencies in the inverse mapping. Further, the ability to reuse low- 
level features across blocks is particularly useful in our task, where key 
response traits (e.g., resonance depth, bandwidth) recur across param
eter combinations.

It should be emphasized that the use of residual learning is particu
larly important in the presence of parametric redundancy, as discussed 
in Section 3.1. In such cases, the inverse mapping from response features 
to design parameters is inherently non-unique, i.e., multiple distinct 
parameter vectors may correspond to similar operating characteristics. 
This leads to an ill-posed regression problem, where conventional 
feedforward models tend to either average across feasible solutions or 
overfit to specific samples. The residual architecture alleviates these 
issues by learning incremental corrections over intermediate represen
tations, thereby improving stability and generalization performance in 
the presence of input–output ambiguity. This property is particularly 
relevant for structures such as Circuit II.

This compact ResNet architecture thus offers a practical balance: it 
leverages the known strengths of residual learning while being tailored 
for 1D, regression-based, data-limited microwave circuit modeling. In 
this study, we extend ResNet architectures to a regression setting, 
focusing on predicting geometric design parameters of microwave 
components from frequency response features (as discussed in Section 
2.2). Comparative results against alternative architectures are presented 
in Section 3.

2.4.2. Model architecture
Building on the requirements outlined previously, we design a 

customized Residual Network (ResNet) architecture tailored explicitly 
for the inverse modeling of microwave geometries from frequency- 
domain features. The final architecture, shown in Fig. 6, was the 
smallest configuration that consistently avoided overfitting across vali
dation splits. It retains sufficient non-linear capacity through residual 
learning while remaining stable and tractable during training. Each 
component is designed to balance representational flexibility with 
robustness in a low-data regime.

The input layer receives the preprocessed 1D feature vector (see 
Section 2.2), which encodes resonance frequencies, bandwidths, 
reflection levels, and other spectral features. No further normalization is 
applied at this stage, as all inputs are pre-scaled during preprocessing.

Residual block 1: 

• Main path: Two fully connected (dense) layers, each with 256 neu
rons and ReLU activation (FC1 → ReLU1 → FC2).

• A projection layer (PROJ1) aligns the input dimensions for residual 
addition.

• Output: The main and shortcut paths are summed (ADD1), followed 
by another ReLU (ReLU_ADD1).

This structure allows the network to learn residual mappings F(x)  =
H(x) – x, enabling more stable training and mitigating vanishing 
gradients.

Residual block 2: Identical in structure to the first block: a pair of 
dense layers (FC3, FC4), projection path (PROJ2), addition (ADD2), and 
a final ReLU (ReLU_ADD2).

Output Layer: 

• A final fully connected layer reduces the 256-dimensional latent 
representation to the output size — equal to the number of target 
geometric parameters.

• A regression output computes the mean squared error (MSE) loss 
between predictions and true parameter values.

The final model comprises approximately 270,000 trainable pa
rameters, with each dense layer set to 256 neurons. Two residual blocks 
(four dense layers in total) were found sufficient to capture non-linear 
relationships without overfitting. ReLU was selected as the activation 
function due to consistently superior performance over alternatives like 
tanh and leaky ReLU. This configuration offers a practical trade-off be
tween depth, capacity, and generalization in a data-constrained 
regression setting.

As mentioned earlier, while alternative architectures such as Multi
layer Perceptrons (MLPs), Convolutional Neural Networks (CNNs), and 
Radial Basis Function (RBF) networks are commonly used in regression 
tasks, they failed to offer reliable generalization in our case.

MLPs, even with extensive tuning, were prone to either underfitting 
or overfitting, with unstable optimization in deeper configurations. 
CNNs, better suited for structured spatial data, performed poorly when 
applied to flat, unstructured input vectors. RBF networks and Support 
Vector Regressors (SVRs) struggled with scalability and generalization, 
often collapsing to trivial mappings due to input redundancy and lack of 
inductive structure.

Furthermore, we also considered Graph Neural Networks (GNNs) 
and Transformer-based models. GNNs were ruled out due to the lack of 
inherent topological structure in the input features, which would require 
significant preprocessing and task-specific graph construction. Trans
formers, while powerful, introduced excessive architectural complexity 
and computational overhead, making them especially prone to over
fitting in our data-constrained setting. Residual architectures, in 
contrast, offer a strong balance between depth, expressiveness, and 
training stability, a desirable property when the mapping is non-linear 
but partially invertible.

2.4.3. Training setup and hyperparameters
The ResNet model is trained using the Adam optimizer [89], which 

adaptively adjusts learning rates using first and second moment esti
mates. This introduces between momentum and RMSProp [90] and 
resulting in efficient, stable convergence across trials. The model is 
initialized with a relatively low learning rate of 5 × 10− 4, where higher 
rates often led to erratic updates and unstable loss behavior. This base 
rate is decayed by a factor of 0.96 every 128 epochs using a piecewise 
schedule, which allows for finer updates as training progresses. This 
gradual decay proved critical in ensuring convergence to smooth, 
generalizable solutions.

The model is trained for up to 1024 epochs, with early stopping 
typically triggered before then. Early stopping is based on validation 
error with a patience of 128 epochs, i.e., training is terminated if no 
improvement in validation error is observed over 128 consecutive 
epochs. In addition, convergence behavior is monitored, and training is 
terminated once the validation loss stabilizes and exhibits negligible 
changes. A mini-batch size of 16 was selected to balance gradient sta
bility and regularization via batch noise—especially important given the 
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small dataset and the loss landscape's sensitivity. These hyper
parameters were informed by prior modeling efforts in related micro
wave inverse problems. Next, they were refined through iterative 
experimentation, progressively lowering model complexity and learning 
rates until stable convergence was achieved.

We also observed that under this training regime, model perfor
mance became largely insensitive to initialization—i.e., random weight 
initialization resulted in similar convergence behavior across seeds. This 
reinforces the stability of the optimization process under the chosen 
setup.

Validation loss is evaluated every 32 iterations on a held-out set and 
monitored throughout training for both hyperparameter tuning and 
early stopping criteria. The held-out subset comprised approximately 5 
% of the available samples, selected at random prior to training. A 
summary of all key training parameters is provided in Table 1.

2.5. Modeling procedure

This section outlines the complete modeling framework, with a flow 
diagram provided in Fig. 7. The process is initiated with specifying the 
input parameters: the design variable space X, the definition of response 
feature points, and the acceptance criteria for training samples (see 
Section 2.2). The modeling procedure consists of two primary stages: 

• Training data acquisition, carried out through performance-driven 
sequential sampling.

• Inverse model construction, which involves initializing the hyper
parameters of the ResNet architecture and subsequently optimizing 
them. Further implementation details are given in Section 2.4.

It is significant to highlight that the only user-defined control 
parameter is the computational budget for data acquisition, specified as 
the maximum number of training candidates Nmax. The selection of 
feature point definitions and acceptance conditions is problem-specific 
and will be addressed individually for each test case in Section 3.

2.6. Inverse modeling for design optimization

As mentioned earlier, the fundamental role of the inverse surrogate is 
to expedite circuit optimization. There are several simple steps involved 
in this process, as explained in Fig. 8. The essential ones are to re- 
formulate the design specifications in relation to the target feature 
vector vt, and to evaluate the inverse model to find the candidate design 
x(0) = s(vt). Owing to the good accuracy of the surrogate, the actual 
feature vector v(x(0)) is likely to be close to vt, so that only a minor 
tuning (here, realized using an accelerated gradient-based algorithm) is 
necessary.

Some additional remarks should be made at this point. Recall that 
the training dataset {v(xt

(j))} defined the surrogate’s region of validity. 
Thus, for the feature vector vt to be attainable, it must be allocated in the 
neighborhood of {v(xt

(j))}. Verification of this condition is straightfor
ward: it is sufficient to check whether vt ∈ Ht (the convex hull of {v 
(xt

(j))}). The latter is the smallest convex set containing {v(xt
(j))}. In 

practice, Ht is determined through triangulation of {v(xt
(j))}, and finding 

if vt belongs to any of the simplexes obtained this way. If not, the circuit 
is unlikely to meet the design requirements.

Subsequently, one needs to discuss the function U(x). In this work, 
we employ the minimax formulation. Let us consider two examples, 
pertinent to the test cases of Section 3. The first one is a microwave 
coupler designed to improve its impedance matching |S11| and port 
isolation |S41| at the target center frequency f0, and to realize the target 
power division ratio KP = |S21| – |S31| (also at f0). In this case, we set 

U(x) = max
{
|S11(x, f0)|, |S41(x, f0)|

}
+ β

[
|S21(x, f0)| − |S31(x, f0)|− KP

]2

(3) 

where the second term enforces the power split condition with β >
0 being a penalty coefficient.

The second example is a dual-band power divider, designed to ensure 
equal power split at the operating frequencies f01 and f02, and minimi
zation of the input matching |S11|, output matching |S22|, |S33|, and port 
isolation |S23| at f01 and f02simultaneously. In this case, we set 

Table 1 
Proposed ResNet: training setup and key parameters.

Parameter Value Description

Optimizer Adam Combines momentum and 
RMSProp

Initial learning 
rate

5 × 10− 4 Starting point for weight updates

Learning rate 
schedule

Piecewise Multiplied by 0.96 every 128 
epochs

Max epochs 1024 Upper limit for training iterations
Mini-batch size 16 Number of samples per training 

update
Validation 

frequency
32 iterations Intervals at which validation loss 

is evaluated
Residual blocks 2 Each with 2 dense layers and a 

projection shortcut
Hidden layer 

width
256 neurons Used in all dense layers within 

residual blocks
Activation 

function
ReLU Applied after each dense layer

Output layer Fully connected +
Regression layer

Maps to target geometric 
parameters

Fig. 7. Proposed modeling framework: flow diagram.
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U(x) = max
{

max
k∈{1,2,3},l∈{1,2}

⃒
⃒Skk

(
x, f0l

) ⃒
⃒, max

l∈{1,2}

⃒
⃒S23

(
x, f0l

) ⃒
⃒

}

+

+β
∑2

l=1

(
|S21(x0l) | −

⃒
⃒S31

(
x, f0l

) ⃒
⃒
)2

(4) 

Similarly to (2), the second term with β > 0 is to enforce the power 
split condition.

A final note concerns the algorithm used for fine-tuning the circuit 

designs. In this study, we employ a trust-region gradient-based optimi
zation method [91]. The response Jacobian is initially assessed using 
finite-difference (FD) approximation [92] during the first iteration. For 
subsequent steps, a Broyden update formula is applied [93,94], which is 
adequate given the typically small adjustments required. Thanks to the 
high predictive accuracy of the inverse surrogate, the fine-tuning pro
cess generally completes within fewer than thirty EM simulations.

Fig. 8. Application of the inverse surrogate for circuit optimization.

Fig. 9. Test circuits: (a) compact rat-race coupler (Circuit I) [95], compact branch-line coupler (Circuit II) [96], (c) dual-band power divider (Circuit III) [97].

Table 2 
Essential parameters of Circuits I through III.

Parameter Circuit

I II III

Substrate RO4003 substrate (εr = 3.38, h = 0.762 mm) εr – operating parameter, h = 0.76 mm AD250 substrate (εr = 2.5, h = 0.81 
mm)

Design 
variables

x = [l1 l2 l3 d w w1]T x = [g l1r la lb w1 w2r w3r w4r wa wb]T x = [l1 l2 l3 l4 l5 s w2]T

Other 
parameters

d1 = d + |w – w1|, d = 1.0, w0 = 1.7, l0 = 15 L = 2dL + Ls, Ls = 4w1 + 4 g + s + la + lb, W = 2dL + Ws, Ws = 4w1 + 4 g 
+ s + 2wa, l1 = lbl1r, w2 = waw2r, w3 = w3rwa, w4 = w4rwa

w1 = 2.2 (to ensure 50-ohm line 
impedance), g = 1

Parameter 
space X

l = [2.0 7.0 12.5 0.2 0.7 0.2]T, u = [4.5 12.5 
22.0 0.65 1.5 0.9]T

l = [0.4 0.43 5.9 7.7 0.68 0.28 0.1 0.1 2.0 0.2]T, 
u = [1.0 0.86 14.0 16.5 1.5 0.99 0.65 0.25 5.5 0.8]T

l = [14.5 1.1 13.0 0.5 1.6 0.19 3.9]T, 
u = [37.0 16.6 35.0 15.0 5.6 1.5 5.8]T

Frequency 
range

0.5 GHz to 2.5 GHz 0.1 GHz to 2.5 GHz 0.5 GHz to 7.0 GHz

Table 3 
Design objectives for Circuits I through III.

Design goals Circuit

I II III

S-parameters Minimize |S11| at frequency f0 

Minimize |S41| at frequency f0 

Ensure the target power split 
|S31| – |S21| = ds at frequency f0

Minimize |S11| at frequency f0 

Minimize |S41| at frequency f0 

Ensure an equal power split 
|S31| – |S21| = 0 at frequency f0

Minimize |S11|, |S22|, and |S32|, at target frequencies f01 and f02 

Ensure target power split 
|S31| – |S21| = 0 at f01 and f02

Substrate − Implement circuit on substrate of target permittivity εr −
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3. Verification and benchmarking

Verification of the inverse modeling approach of Section 2 is carried 
out using three microstrip circuits introduced in Section 3.1. The pro
posed feature-based ResNet surrogate is compared to several forward 
and inverse metamodels, including diverse regression- and neural- 
network-based strategies, all outlined in Section 3.2. The proposed 
model setup and the findings are summarized in Sections 3.3 and 3.4, 
respectively. Design applications, specifically circuit optimization for 
various sets of target operating parameters and substrate materials, are 
elaborated on in Section 3.5.

3.1. Verification circuits

The test circuits are shown in Fig. 9. Table 2 puts together their 
essential parameters. The characteristics of interest are S-parameters 
versus frequency: S11, S21, S31, and S41 for Circuits I and II, as well as S11, 
S22, S32, and S21 for Circuit III. The design specifications are imposed 
upon these responses as explained in Table 3. For Circuits I and II, the 
specs are: improvement of the impedance matching and port isolation, 
as well as ensuring required the power division ratio ds = |S31| – |S21|). 
Moreover, in the case of Circuit II, the relative permittivity is an addi
tional parameter assuming values from the interval from 2.0 to 5.0. This 
enables using the surrogate model to optimize the structure for various 
substrate materials. Finally, for Circuit III, the design specifications 
include: minimization of |S11|, |S22|, and |S32| characteristics at the 
target frequencies f01 and f02 and to ensure target power split. Model 
implementation is carried out in CST Microwave Studio, employing the 
time-domain solver for evaluation. Among the circuits considered, Cir
cuit II is the best example to illustrate parametric redundancy mentioned 
earlier. Circuit II is a branch-line coupler using compact microstrip 
resonant cells (CMRCs). While it produces a single operating band, it is 
described by ten geometric parameters.

This number of parameters is much larger than what is necessary to 
control the center frequency, impedance matching and port isolation, as 
well as the power division ratio, meaning that there are multiple 
parameter vectors that result in similar operating conditions. On the 
other hand, the dependence between frequency responses and design 
variable vectors is still unique because the amount of data contained in 
the circuit characteristics is significant (four S-parameters evaluated as 
hundreds of frequency points).

Table 3 summarizes the design objectives for Circuits I through III. 

Table 4 summarizes the definitions of the response features (cf. Section 
2.2 for graphical illustrations) and gathers the acceptance criteria for the 
sampling algorithm outlined in Section 2.2.

Table 4 
Response feature definitions for Circuits I through III.

Circuit Feature 
vector

Response feature definitions Acceptance criteria

I v = [f1 f2 l1 

l2 ds]T
• Frequencies f1 and f2 

marking minima of |S11| 
and |S41|

• |S11| level l1 at frequency f1
• |S41| level l2 at frequency f2
• Power division ds = |S31| – 

|S21| at frequency (f1 + f2)/ 
2

• 0.5 ≤ f1 ≤ 2.5
• 0.5 ≤ f2 ≤ 2.5
• l1 ≤ –10 dB
• l2 ≤ –10 dB
• –6 ≤ ds ≤ 1

II v = [f1 f2 l1 

l2 ds εr]T
• Frequencies f1 and f2 

marking minima of |S11| 
and |S41|

• |S11| level l1 at frequency f1
• |S41| level l2 at frequency f2
• Power division ds = |S31| – 

|S21| at frequency (f1 + f2)/ 
2

• 0.5 ≤ f1,f2 ≤ 2.5
• l1, l2 ≤ –10 dB
• –1 ≤ ds ≤ 1
• Substrate permittivity 

2.0 ≤ εr ≤ 5.0 is user 
provided

III v = [f1 f2 l1 

l2]T
• Frequencies f1 and f2 

marking minima of |S11| at 
two operating bands

• |S11| level l1 at frequency f1
• |S11| level l2 at frequency f2

• 1.0 ≤ f1 ≤ 4.0
• 1.4 ≤ f2/f1 ≤ 2.0
• l1 ≤ –10 dB
• l2 ≤ –10 dB

Table 5 
Benchmark modeling procedures.

Model 
type

Method Setup

Forward Kriging [99] • Second-order polynomial as a trend 
function

• Gaussian correlation function
• Hyperparameters found through maximum 

likelihood optimization
Radial basis functions 
(RBF) [99]

• Gaussian basis functions
• Scaling coefficient adjusted through cross- 

validation
Gaussian process 
regression (GPR) 
[100]

• Rational Quadratic kernel functions
• Separate GPR models for real and 

imaginary parts of the response
• Hyperparameters optimized through 

maximum likelihood estimation
Support vector 
regression (SVR) 
[101]

• Gaussian (RBF) kernel function
• Separate SVM models for real and 

imaginary parts of the response
• Kernel scale optimized automatically for 

each frequency
Artificial neural 
network (ANN 1) 
[102]

• Fully connected architecture with ReLU 
activation

• Layers: 512 → 256 → 128 → 64 → output 
(real + imaginary)

• Trained using the Adam optimizer with 
400 epochs

ANN 2 [102] • Fully connected architecture with ReLU 
activation

• Layers: 128 → 128 → 128 → 128 → 128 → 
128 → output (real + imaginary)

• Trained using the Adam optimizer with 
400 epochs

ANN 3 [102] • Fully connected architecture with ReLU 
activation

• Layers: 256 → 256 → 256 → 256 → 256 → 
output (real + imaginary)

• Trained using the Adam optimizer with 
400 epochs

Inverse Ridge Regression (RR) 
[103]

• Least-squares regression with ridge (L2) 
regularization

• Regularization parameter selected via 
cross-validation

RBF [99] • Gaussian basis functions
• Scaling coefficient adjusted through cross- 

validation
GPR [100] • Rational Quadratic kernel functions

• Hyperparameters optimized through 
maximum likelihood estimation

SVR [101] • Gaussian(RBF) kernel function
• Kernel scale optimized automatically for 

each frequency
Random Forest (RF) 
[104]

• Ensemble of 100 regression trees
• Bootstrap aggregation
• No explicit hyperparameter tuning

ANN 1 [102] • Feedforward neural network
• 3 hidden layers (256 → 512 → 256 units), 

ReLU activations
• Trained with Adam optimizer, 512 epochs, 

with a batch size of 16
ANN 2 [102] • Feedforward neural network with attention 

layer;
• 64 → 128 → 64 architecture;
• Adam optimizer, for 512 epochs, with a 

batch size of 16
ResNet (This work) • Two residual blocks with fully connected 

layers (256 units), ReLU activations(Ref 
Fig. 1)

• Adam optimizer, with piecewise learning 
rate decay.

• 1024 epochs, batch size of 16
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3.2. Benchmark procedures

The proposed modeling technique is evaluated against several for
ward and inverse surrogate models, as summarized in Table 5. The 
forward benchmarks include kernel-based regression methods, such as 
kriging, Gaussian Process Regression (GPR), and Support Vector 
Regression (SVR), along with three variants of deep neural networks. 
The inverse benchmark models extend these approaches with additional 
techniques, including ridge regression and random forest. Forward 
surrogates are trained using 800 samples distributed across the original 
parameter space via Latin Hypercube Sampling (LHS) [98]. In contrast, 
the inverse models—including the proposed approach—are developed 
in a reduced-dimensional parameter space (see Section 2.3), using 
training data generated according to the procedure outlined in Section 
2.2. The total computational budget for data acquisition is set to Nmax =

1000. Model performance is assessed using the relative root-mean- 
squared error (RRMSE), calculated on a separate hold-out set of 100 
testing samples.

3.3. Inverse model setup

The setup of the proposed ResNet-based model architecture has been 
detailed in Section 2.4. The training data was generated as described in 
Section 2.2 with the computational budget of Nmax = 1000. The actual 
number of accepted samples is between 600 and 750 (circuit depen
dent). The dimensionality of the reduced domain Xd of the surrogate is 
determined using global sensitivity analysis as explained in Section 2.3. 
The sensitivity analysis was carried out using fifty random parameter 
vectors and Cmin = 0.9. The normalized eigenvalues for the test circuits 

are as follows: 

• Circuit I: λ1 = 1.00, λ2 = 0.65, λ3 = 0.51, λ4 = 0.46, λ5 = 0.37, λ6 =

0.28 (reduced dimensionality Nd = 3 with C = || [λ1 … λNd]T || / || [λ1 
… λn]T || = 0.9),

• Circuit II: λ1 = 1.00, λ2 = 0.66, λ3 = 0.54, λ4 = 0.48, λ5 = 0.41, λ6 =

0.39, λ7 = 0.30,λ8 = 0.25,λ9 = 0.22,λ10 = 0.16,λ11 = 0.13 (reduced 
dimensionality Nd = 4, C = 0.9),

• Circuit III: λ1 = 1.00, λ2 = 0.77, λ3 = 0.66, λ4 = 0.64, λ5 = 0.50, λ6 =

0.48, λ7 = 0.45 (reduced dimensionality Nd = 4, C = 0.9).

3.4. Results and Discussion

Table 6 summarizes the results found by the proposed inverse 
modeling methodology and the benchmark techniques. The modeling 
error, RRMSE, is presented in percent. The scatter plots of the EM- 
simulated and inverse-model-predicted circuit parameters for selected 
design variables can be found in Figs. 10–12, for Circuits I through III.

We begin our analysis by assessing the performance of the forward 
surrogate models, which consistently underperform across all test cases, 
most notably for Circuit III. Both kernel-based methods (GPR, SVR, RBF) 
and artificial neural networks (ANNs) exhibit poor predictive accuracy. 
The only partial exception is Circuit I, the simplest of the evaluated 
structures; however, even in this case, the RRMSE ranges from approx
imately 10 % to 15 %. For a model to be considered viable for design 
applications, the RRMSE should ideally remain below 5–7 %. This level 
of underperformance occurs despite the use of relatively large training 
datasets (800 samples) and highlights common challenges in data- 
driven modeling, such as the curse of dimensionality, expansive 
parameter spaces, and strong nonlinearities in the system response.

In contrast, the inverse metamodels (see the lower portion of 
Table 6) exhibit markedly better performance. This improvement is 
primarily due to the use of explicit dimensionality reduction and the 
relatively weak nonlinearity between the reduced feature space and the 
design variables. Additionally, the number of characteristic features is 
lower than the number of design parameters (typically five versus more 
than seven), which further simplifies the modeling task. These factors 
contribute to significantly lower RRMSE values compared to the forward 
models. Among the inverse approaches, the proposed ResNet-based 
model consistently outperforms the benchmark techniques—including 
ridge regression, RBF, SVR, GPR, and ANNs—delivering higher predic
tive accuracy across all test cases.

The proposed modeling technique is superior to all benchmark 
methods regarding RRMSE. Only for specific test cases, individual 
benchmark approaches achieve comparable error values, e.g., ANN1 for 
Circuit I (0.7 % versus 0.4 % for our method). The main reason for this 
performance is a particular choice of the model architecture, as eluci
dated in Section 2.4, which prevents overfitting and allows handling 
parameter redundancy (i.e., the existence of different designs corre
sponding to similar values of response features). The mentioned 
redundancy generally makes simpler regression techniques (e.g., GPR or 
SVR) prevail over deep neural network surrogates, as reflected in the 

Table 6 
Modeling results for the circuits of Fig. 9.

Modeling approach Average RRMSE#

Model type Modeling technique Circuit I Circuit II Circuit III

Forward Kriging 8.0 % 23.3 % 32.3 %
RBF 8.9 % 27.2 % 34.7 %
GPR 10.4 % 27.2 % 70.2 %
SVR 16.1 % 31.6 % 59.6 %
ANN1 5.9 % 9.0 % 33.3 %
ANN2 9.8 % 13.9 % 42.3 %
ANN3 11.2 % 14.5 % 44.1 %

Inverse LR 3.0 % 7.5 % 12.0 %
RBF 1.0 % 4.6 % 12.0 %
SVR 1.1 % 5.6 % 11.4 %
GPR 0.7 % 4.2 % 11.3 %
RF 1.5 % 6.9 % 11.9 %
ANN1 0.7 % 4.5 % 11.2 %
ANN2 1.0 % 5.5 % 11.5 %
ResNet (this work) 0.4 % 3.5 % 9.2 %

# In the case of inverse models, the numbers in brackets represent the corre
lation coefficient R2, which is a suitable metric for model outputs being design 
variable vectors.

Fig. 10. Scatter plots of selected design variables (inverse model outputs versus true feature values) for Circuit I.
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RRMSE data in Table 6.
It is also worth noting that the computational cost of training the 

surrogate model is negligible compared to that of electromagnetic (EM) 
simulations required for data generation. In the considered cases, EM 
simulations account for approximately 95–98 % of the total modeling 
cost, whereas network training constitutes only a minor fraction. This 
further supports the practical efficiency of the proposed framework.

3.5. Design applications

The main intended application of the proposed inverse surrogate is 
global optimization. The details of the surrogate-aided optimization 
procedure have been highlighted in Section 2.6. For demonstration, 
Circuits I, II, and III are optimized for different values of target operating 
parameters (including substrate permittivity for Circuit II). The speci
fications are incorporated into the target feature vector vt, which be
comes the inverse surrogate model input. The surrogate generates the 
starting point x(0) = s(vt), which is subject to fine-tuning, realized using 
the accelerated gradient-based algorithm outlined in Section 2.6.

For each circuit, four design scenarios are considered as listed in 
Table 7. The same table reports the overall cost of the optimization 
process. Furthermore, Figs. 13–15 illustrate the circuit frequency char
acteristics at the inverse-model-predicted initial designs and the final 
designs for Circuits I through III, respectively.

It should be emphasized that the design specifications (e.g., center 
frequencies) are first converted to the associated target feature vectors, 
which, in turn, become the inverse model inputs. The feature vector is 
subsequently used to obtain the initial design for further fine-tuning. For 
certain feature points, such as frequencies and power division ratio, the 
design specifications and feature vectors coincide. For the remaining 
parameters, specifically, the levels of |S11| or |S41|, one needs to choose 
reasonable values, here, 0.1 (or –20 dB). Finally, the desired relative 
permittivity εr is directly applied as the model input in the case of Circuit 
II.

The results shown in Figs. 13 through 15 underscore the exquisite 
performance of the proposed inverse modeling methodology. For all 
tested circuits and design cases, the surrogate-produced starting designs 
demonstrate satisfactory quality. In particular, these designs either meet 
the assumed specifications or are close to fulfilling those. Consequently, 
the gradient-based fine-tuning is achieved at the cost of few EM analyses 
to identify the optimum parameter vectors. The average tuning cost is 
just 18 EM analyses, and it is weakly dependent on the problem 
dimensionality. The average cost for Circuit I (six parameters) is 15 
simulations, the cost for Circuit III (seven parameters) is 18.5 analyses, 

Fig. 11. Scatter plots of selected design variables (inverse model outputs versus true feature values) for Circuit II.

Fig. 12. Scatter plots of selected design variables (inverse model outputs versus true feature values) for Circuit III.

Table 7 
Design optimization scenarios for Circuits I through III.

Circuit Design targets & 
optimization cost

Design case

1 2 3 4

I Target operating 
parameters: 
f0 [GHz], ds [dB]

1, 0 1.2, –6 1.5, –1 1.8, –3

Target feature 
vector 
v = [f1 f2 l1 l2 ds]T

[1.0 1.0 
0.1 0.1 
0]T

[1.2 1.2 
0.1 0.1 
–6]T

[1.5 1.5 
0.1 0.1 
–1]T

[1.8 1.8 
0.1 0.1 
–3]T

Fine tuning cost# 13 17 16 14
II Target operating 

parameters: 
f0 [GHz], εr

1.2, 2.5 1.0, 3.0 2.0, 3.5 1.5, 4.3

Target feature 
vector 
v = [f1 f2 l1 l2 ds 

εr]T

[1.2 1.2 
0.1 0.1 
0 2.5]T

[1 1 0.1 
0.1 
0 3.0]T

[2 2 0.1 
0.1 
0 3.5]T

[1.5 1.5 
0.1 0.1 
0 4.3]T

Fine tuning cost# 19 20 19 21
III Target operating 

parameters: 
f01 and f02 [GHz]

1.5, 2.3 2.5, 3.8 3.0, 4.5 4.0, 6.0

Target feature 
vector 
v = [f1 f2 l1 l2]T

[1.5 2.5 
0.1 0.1]T

[2.5 3.8 
0.1 0.1]T

[3.0 4.5 
0.1 0.1]T

[4.0 6.0 
0.1 0.1]T

Fine tuning cost# 16 18 17 23

# Cost expressed in numbers of EM simulations.
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and it is 19.8 simulations for Circuit II (ten parameters).
The aforementioned results verify design applicability of the pre

sented inverse modeling approach, especially regarding its ability to 

facilitate global optimization of circuits across extended ranges of 
operating conditions and material parameters.

Fig. 13. Optimization results for Circuit I: the picture shows the responses at the initial design predicted by the proposed inverse surrogate, and EM-simulated 
characteristics at the fine-tuned design. Cases 1 through 4 are shown from top left to bottom right.

Fig. 14. Optimization results for Circuit II: the picture shows the responses at the initial design predicted by the proposed inverse surrogate, and EM-simulated 
characteristics at the fine-tuned design. Cases 1 through 4 are shown from top left to bottom right.
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4. Conclusion

This research introduced a novel inverse modeling approach for 
microwave passive components, tailored for design applications. The 
core of the method is a deep-learning surrogate that maps the circuit’s 
operating parameters directly to its design variables. By exploiting the 
weak nonlinearity between these two domains, the model achieves high 
predictive accuracy across wide ranges of operating frequencies, band
widths, and other relevant conditions, while requiring only a reduced 
number of training data. The modeling process is enhanced through 
explicit dimensionality reduction, enabled by fast global sensitivity 
analysis. The surrogate itself is implemented as a custom deep residual 
network (ResNet), designed to capture the relationship between key 
response features and the component’s geometric parameters. To further 
improve efficiency, the model focuses only on a small set of critical 
performance indicators, rather than modeling the full frequency 
response.

The proposed technique has been comprehensively verified using 
three microstrip components and compared against a range of bench
mark methods, including both forward and inverse metamodels. Given 
the complexity of the test cases, all forward modeling approaches yiel
ded limited predictive accuracy, resulting in models of little or no 
practical design value. In contrast, the inverse models delivered signif
icantly better performance, with the proposed ResNet-based surrogate 
consistently demonstrating the highest reliability across all circuits. To 
highlight the practical utility of the method, the circuits were optimized 
under various performance scenarios. In every case, the surrogate suc
cessfully generated high-quality initial designs that required only min
imal refinement, achieved with an average cost of less than twenty 
electromagnetic (EM) simulations. The focus of the future work will be 
on further enhancing model robustness and computational efficiency. 
Planned improvements include incorporating spatial domain confine
ment and adopting variable-resolution EM analysis.
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Fig. 15. Optimization results for Circuit III: the picture shows the responses at the initial design predicted by the proposed inverse surrogate, and EM-simulated 
characteristics at the fine-tuned design. Cases 1 through 4 are shown from top left to bottom right.
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