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ABSTRACT: This study introduces a deep neural network architecture tailored for accurately modeling the parameters of microwave
components, with a specific focus on waveguide filters. Unlike simpler neural networks, this architecture is designed to handle the
complex relationships that are prevalent in microwave engineering. The model’s inputs include the filter’s geometric variables and
frequency, whereas the S-parameters serve as outputs. To effectively capture these relationships, the Rectified Linear Unit (ReLU)
activation function was employed, which is known for its efficiency in managing a significant number of training parameters. This
choice allowed the model to better grasp the intricate connection between the S-parameters and geometric variables, and the relationship
was found to be more complex than that with frequency. The primary goal is to reduce the overall count of training parameters within the
deep neural network while maintaining a level of accuracy similar to that of fully connected neural networks. This study demonstrates the
effectiveness of this approach through waveguide filter parametric modeling, highlighting its capacity to accurately model and optimize

the electromagnetic response of the filter.

1. INTRODUCTION

aveguide filters are crucial components of modern wire-

less communication systems. They enable the precise
control of specific frequencies while blocking others. They
are crucial for maintaining the signal quality during transmis-
sion and reception and ensuring reliable connectivity across de-
vices and networks. Deep learning, a subset of machine learn-
ing, involves training artificial neural networks with multiple
layers to learn data representations. Techniques such as con-
volutional neural networks (CNNs), recurrent neural networks
(RNNs), and transformers have been successfully applied to
tasks such as image recognition [1,2], natural language pro-
cessing [3], and autonomous driving. These methods identify
patterns in data, thereby enhancing the modeling accuracy for
various applications. The integration of deep neural networks
into microwave modeling addresses the challenges associated
with high-dimensional inputs. These networks excel at han-
dling complex data and improving the modeling accuracy and
efficiency of microwave systems. Parametric modeling in mi-
crowave engineering predicts component behavior under dif-
ferent conditions, thereby reducing design time and costs. The
models utilize geometric variables and frequency as inputs to
predict electromagnetic responses, such as S-parameters, of-
fering a comprehensive understanding of component behavior.
Recent advances between 2023 and 2025 have further
strengthened the role of artificial intelligence in microwave
and terahertz (THz) filter design. Several studies have demon-
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strated the effectiveness of deep learning-based surrogate
models and physics-informed neural networks for electromag-
netic device modeling and inverse design [13]. In addition,
recent studies have reported improved Al-assisted modeling
strategies for microwave filters and waveguide structures,
emphasizing enhanced prediction accuracy and computational
efficiency [14]. These contributions confirm that Al-based
modeling has become a rapidly evolving research direction in
high-frequency engineering.

Despite these advances, several limitations remain in ex-
isting studies. Many approaches focus primarily on predict-
ing the magnitude of S-parameters while neglecting phase in-
formation. Others are restricted to narrowband responses or
specific geometrical configurations. Furthermore, limited at-
tention has been given to the broadband prediction of full S-
parameters (real and imaginary components) across multiple
frequency samples in waveguide filter structures.

To address these limitations, this study proposes a deep learn-
ing neural network (DLNN) framework for broadband para-
metric modeling of a coaxial cavity waveguide filter. The pro-
posed model establishes a nonlinear mapping between five ge-
ometrical parameters and the complete complex S-parameters
(Re(S11), Im(S71), Re(S21), Im(Ss1)) evaluated over 80 fre-
quency points. Unlike conventional magnitude-based surrogate
models, the proposed approach reconstructs the full electro-
magnetic response, including phase information, thereby pro-
viding a more comprehensive characterization of filter behav-
ior.

Published by THE ELECTROMAGNETIC ACADEMY


https://doi.org/10.2528/PIERC26011901

Progress In Electromagnetics Research C, Vol. 168, 82-88, 2026

PIER C

2. DEEP LEARNING NEURAL NETWORK TOPOLOGY
FOR WAVEGUIDE FILTER PARAMETRIC MODELING

2.1. Proposed Deep Learning Neural Network Topology

This study proposes a new method using a deep learning neural
network (DLNN) as shown in Fig. 1, to construct parametric
models of microwave components. These models predict EM
responses based on the geometric parameters and frequency in-
puts. The model architecture incorporates additional hidden
layers to capture the intricate relationship between electromag-
netic (EM) responses and geometric parameters, while using
fewer layers to model the relationship with frequency.

Output layer

g hidden layers
employ ReLU
function

Input layer

FIGURE 1. The proposed DLNN topology.

Let z represent the external inputs (geometric parameters and
frequency) to the DLNN model, where n is the number of in-
puts to the model. * = [z17223 ... 2,]T represents the exter-
nal inputs (geometric parameters and frequency) to the DLNN
model with n inputs, and ¥y = [y192y3...yn]? represents a
vector of the model’s outputs containing the S-parameters of a
microwave component with m outputs. The model has hidden
layers with the ReLU function, and the weight matrix is denoted
as u. The total number of layers in the model was L = g + 2,
including the hidden, input, and output layers. The deep neural
network model is described as follows:

y=g(z,u) (1)

where g represents the input-output function of the proposed
DLNN model.

2.2. Activation Function for the Proposed Deep Neural Network
Topology

A deep neural network consists of hidden layers located be-
tween the input and output layers. Three or more hidden layers
are often recommended for effective learning [4]. The selec-
tion of activation functions is critical for the training efficacy
of these network models.

For modeling parametric microwave components, where the
relationships among the EM responses, geometric parameters,
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and frequency are complex, using a combination of activation
functions can be beneficial. In our proposed method for mod-
eling complex microwave components with deep neural net-
works, we suggest using Rectified Linear Units as the activa-
tion function for hidden neurons.

The ReLU function, illustrated in Fig. 2, is expressed as fol-
lows [5, 6]:

z ifz>0
ReLU (x) = Max (0,z) = { 0 otherwise )
Rectified Linear Unit (RelLU)
10
8_
X 6
3
g4
z.
o.
-10.0 -7.5 -5.0 -2.5 0.0 2.5 50 7.5 10.0
X
FIGURE 2. ReLU activation function.
The gradient of ReLU is given by:
, 1 ifz>0
RelLU’ (z) _{ 0 otherwise 3)

A ReLU-activated neuron is triggered only when the input is
above zero. Its derivative remains constant at one during this
activation. This property helps mitigate the issue of vanishing
gradients in deep neural networks that use ReLUs. The gra-
dients were calculated through a series of multiplications, each
resulting in a value of one. This ensures efficient gradient prop-
agation along the path of active neurons, making ReLUs valu-
able for facilitating the gradient flow in the network.

2.3. The Feed Forward Computation of the DLNN Model

Let h represent the indices of the layers, where h = 1,2,...,q.
Let N represent the number of hidden neurons in the A"
layer. Z™ is the output of the i-th neuron in the A~'" layer.
ZM" can be calculated using a feed forward process. Let u;”
represent the weight between the 5 ~*" neuron in the (b — 1)~*"
layer and the i—*" neuron in the h =" layer, for h = 2,3,... ¢,
j = 1,2,..., N1 and i = 1,2,...,NJ'. An additional
weight parameter ufbo is introduced to represent the bias for the
i~*" neuron in the h~*" layer. Thus, the vector u comprises u;,
h=1,2,3,...,¢,5=0,1,..,N""! andi =1,2,..., N},

Using direct computation, Z*Z"* can be calculated as fol-
lows [7, 8]:

ReLU (2 ufix; + uf;) ifh=1
i -
Z ' - Nh—l
ReLU( 3 u?jzh_17i+uﬁj> ifh=2,...,q
j=1

4)
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After the direct computation, we can retrieve the outputs of
the DLNN model from the output layer as follows, where ReLU
() represents the activation function utilized in the hidden neu-
rons, specifically, the Rectified Linear Unit function [1-8]:

N1

— 9,q9—1j q
= E U, 2 + u;,
J=1

)

2.4. Learning Algorithm for the DLNN Training

The DLNN model is trained using input samples paired with
the corresponding desired model outputs. These samples con-
sist of pairs of geometric configurations, with N representing
the total number of frequency samples in the frequency band
of interest. The evaluation of the DLNN model’s performance
during training relies on the error function, which is defined as
follows [9, 10]:

Ny Ny m

2mN Nf ZZZ <yj xlmfta

—th

~d4,) ©

where y; is the j output of the proposed deep neural net-

work model corresponding to xj and f;, and d{;t is the j—t"

element of dy;. We harness the widely recognized effective-
ness of gradient-based training in neural networks [8]. This
method adjusts weights by considering derivatives of the error
function (Equation (6)). To tailor this approach to our specific
network architecture, we extended the backpropagation con-
cept from multilayer perceptrons (MLP) [11]. This extension
involves introducing new formulas to compute the derivatives
of the error function with respect to the training parameters,
which guide the gradient-based training of our network. Equa-
tion (6) defines the error function, which computes the average
errors of the model across all geometric samples and frequen-
cies. It calculates the total error of all model outputs for a spe-
cific geometric sample (k) at a particular sampled frequency (),
as described in [11].

—a))

)

2'": (CUJ (@k, fi, )

j=1

(7

I\D\H

for the k-th data sample. Let 5™ represent the error between
the ¢-th neural-network output and the ¢-th output in the training
data, that is,

"t =y (xk, frou) — ®)

Starting from the output layer, this error can be propagated
backward to the hidden layers as follows:

di, h=q+1

Nh+1

5h,i Z 5h+1 i h+1 Zh,i (1 - Zh,i) 7h

=q—1...2,1 9)

The symbol 6" signifies the local error at the i-th neuron in
the h layer. The derivative of the per-sample error in Equation
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(7) with respect to a specific neural network weight parameter
is expressed as follows:

OF hizh=1i  h =g qg—1,...,3,2
0B _ [ g 0
s o, h=1

The value 6" is computed using Equation (9), and 2"~ 17 is

determined using Equation (4). Equations (8)—(10) are instru-
mental in calculating the derivative of the error function with
respect to each weight parameter. These derivatives guide the
adjustment of the weight parameters, as explained in detail in
[12].

h+1 .
shi — { (Z;V:; 5h+1’lu?j+1) ify; >0 (an
0 ify; <0

The flowchart outlines the process of developing a deep neu-
ral network (DNN) for a parametric model of a waveguide fil-
ter. It focuses on achieving an optimal network structure and
training for accurate predictions.

Parameters:

* Fe: Training error before adding the layer
* FEy,: Training error after adding a layer

* FE,.: Required error threshold

* p: Number of hidden layers in the DNN

Process:
1. Data Generation:

* Electromagnetic (EM) simulation was used to generate
training and test data with random sampling.

* Fix the number of neurons in each hidden layer (for now).
+ Initialize p = 1 (one hidden layer).

2. Initial Training:

* Train the DNN with p hidden layers.
* Calculate F, and test error (Ey,).

3. Layer Addition Check (p > 1):

» If p = 1, skip to Step 4 (first training iteration).
» Otherwise, proceed to Step 3.

4. Error Improvement Check:

* Compare F;, and Ej.:

— If B} < Eye (adding layer reduced error), go to Step
— If Bt >= F, (adding layer did not improve error),
go to Step 7 (layer removal).

5. Error Threshold Check:

* Compare Etr and Ere:

- If Fy. <= E,. (reached or surpassed threshold),
proceed to Step 5 (test error evaluation).

WWwWw.jpier.org
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FIGURE 3. 3D waveguide filter.

- If By > FE,. (still above threshold), update Ej. =
E;,, add a layer (p = p + 1), and return to Step 2
(retrain with more layers).

6. Test Error Evaluation:

* Compare Ey. and F,..:

— If Bye > E,. (test error above the threshold), pro-
ceed to Step 6 (increase the training data).

— If B4 <= FE,. (test error acceptable), stop training
(optimal model achieved).

7. Layer Removal (Underfitting):

« Ifadding layers did not improve the error (Step 4), the last
added layer was removed (p =p — 1).

* This aims to reduce model complexity and potentially im-
prove training.

8. Refined Training:

* Train the DNN with the optimized p hidden layers.
e Calculate EFy, and E..

9. Final Error Threshold Check:

* Compare E, and E,..:

- If By, <= FE,. (reached or surpassed threshold),
proceed to Step 10 (test error evaluation).

— If By, > E,. (still above the threshold), add a layer
(p = p+ 1) and return to Step 8 (retrain with more
layers).

10. Final Test Error Evaluation:

* Compare F;. and E,.:

— If B4 > FE,. (test error above threshold), increase
the training data and return to Step 8 (retrain with
more data).

- If Eye <= E,. (test error acceptable), stop training
(optimal model achieved).

This flowchart emphasizes iterative training, layer addi-
tion/removal, and error threshold checks to achieve a DNN
model with an optimal structure and performance for waveg-
uide filter modeling.
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2.5. Parametric Modeling of the Waveguide Filter

This study aims to develop a parametric model for a waveg-
uide filter, whose structure is illustrated in Fig. 3, utilizing
the proposed DLNN topology. The resonant frequency and
five geometric variables are used as input variables, namely
x = [f, h1,ha, hy, w12, we3]T. However, the real and imag-
inary parts of Sy; and So; are used as outputs, namely y =
[Im(SH), Re(Su), Il’n(521), Re(521)]T.

During the parametric model development, the proposed
DLNN topology was applied as defined in Table 1. The ge-
ometric parameters varied within a narrow range. For this ex-
ample, the frequency range was from 1.75 to 1.95 GHz.

TABLE 1. Training/testing data for the waveguide filter.

Physical dimensions (mm) | min | Max | Count
h1 26.3 | 26.6 4
ha 28.1 | 284 4
w12 384 | 387 4
wa3 32 32.3 4
hp 20.1 | 204 4

Different EM simulations were performed using random
sampling to generate training and testing data. Geometric sam-
ples are distributed within a specified range, where for each
set of geometric parameters, the filter is simulated across the
selected frequency samples. Assuming that there are 80 fre-
quency samples (Ny = 80), the training/test data sets are ob-
tained for each set of geometric parameters, each corresponding
to a different frequency sample.

3. RESULTS AND DISCUSSION

In this study, a new DLNN is proposed to model two differ-
ent geometrical samples of the developed waveguide filter, as
presented in Table 2, setting a training/testing error threshold
of 0.001. This customizable threshold indicates the accuracy
of the proposed model, which is tailored to meet specific ac-
curacy requirements across different applications. For the pro-
posed filter design, the threshold was selected as it adequately
met the required precision.

Figures 4 and 5 compare the predicted S-parameters (511,
S21) from the DLNN model with the desired S-parameters.
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0.75

0.50

-0.25

Re(511) / Im(511)

-0.50

-0.75

TABLE 2. Comparison of training/ test errors in the proposed DLNN model for the two geometrical design samples.

Geometrical samples h1 ho hp w12 w23
A 26.6 28.1 204 38.7 32.0
B 26.6 28.3 20.3 38.7 32.3
Total f Traini Testi
Neural network topology Details of hidden layers (_) al number o raming esting
weight parameters error error
Sample A 5 hidden | ith 1200 140 *107° | 1.393*107°
Proposed DLNN ample idden layers wi - _
Sample B 100 neurons per layer 1200 1.5129 *10 1.5137 *10

Comparison of Re(511) and Im(S11) between HFSS and Model

-1.00
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® Model Re(S11)
HFSS Im(511)
Model Im(511)
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1.900 1.925 1.950

(b)

Re(S11) / Im(S11)
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Comparison of Re(S11) and Im(511) between HFSS and Model

Y
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HFSS Im(S11)
Model Im(511)

1.750 1.775 1.800 1.825 1.850 1.875

Frequency (GHz)

1.900 1.925 1.950

FIGURE 4. S;; modeling results for the two selected geometrical waveguide filter design samples, (a) : = = [26.6,28.1,20.4, 38.7,32.0]7 (mm),
(b): x = [26.6,28.3,20.3,38.7,32.0] (mm).

-0.25

Re(521) / Im(521)

-0.50

=0.75

-1.00

Comparison of Re(S21) and Im(S21) between HFSS and Model

29 —— HFSS Re(521)

® Model Re(521)

HFSS Im(S21)

Model Im(S21)

1.750 1,775 1.800 1.825 1.850 1.875 1.900 1.925 1.950

Frequency (GHz)

(b)

Re(521) / Im(521)

-0.25

-0.50

—0.75

-1.00

Comparison of Re(521) and Im(S21) between HFSS and Model

—— HFSS Re(521)

HFSS Im(521)
Model Im(s21)

@ Model Re(521)
1.750

1.775 1.800 1.825 1.850 1.875

Frequency (GHz)

1.900 1.925 1.950

FIGURE 5. S»; modeling results for the two selected geometrical waveguide filter design samples, (a) : « = [26.6,28.1,20.4, 38.7,32.0]7 (mm),
(b): z = [26.6,28.3,20.3, 38.7,32.0] (mm).

Comparison of |S11| between HFSS and Model

o —— HFSS (511)
(a) + Model (S11)
=10
@
2
“w
[
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L)
£
3
[
©
2
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-40
1.750 1.775 1.800 1.825 1.850 1.875 1.900 1.925 1.950

Frequency (GHz)

S-parameters (dB)

Comparison of |[S11| between HFSS and Model

»—— HFSS (511)
* Model (511)

1.750

1.775 1.800 1.825 1.850 1.875

Frequency (GHz)

1.900 1.925 1.950

FIGURE 6. The magnitude of the complex quantity S1, in dB plotted as function of frequency (GHz) for both the true values and the predicted values
of our subdata : (a) : = = [26.6, 28.1,20.4, 38.7,32.0]" (mm), (b) : = = [26.6,28.3,20.3,38.7,32.0]" (mm).
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Comparison of |S21| between HFSS and Model

—— HFSS (521)
e Model (521)

S-parameters (dB)

|
N
«

-35 +*

1.750 1.775 1.800 1.825 1.850 1.875

Frequency (GHz)
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Comparison of |S21| between HFSS and Model
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S-parameters (dB)
d oL b b
w (=] w o

|
w
©

1.750 1.775 1.800 1.825 1.850 1.875 1.900 1.925 1.950

Frequency (GHz)

FIGURE 7. The magnitude of the complex quantity S2; in dB plotted as function of frequency (GHz) for both the true values and the predicted values
of our subdata : (a) : = = [26.6,28.1,20.4, 38.7,32.0] (mm), (b) : = [26.6, 28.3, 20.3, 38.7, 32.0]* (mm).

Comparison of Phase S11 between HFSS and Model
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—— Model (Phase 511)
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~

1.750
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Frequency (GHz)

Comparison of Phase S11 between HFSS and Model

(b) —— HFSS (Phase 511)
150 [ — Model (Phase 511)
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o
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-150

~

1.750

1.775 1.800 1.825 1.850 1.875 1.900 1.925 1.950

Frequency (GHz)

FIGURE 8. The phase of the complex quantity S11 plotted as function of frequency (GHz) for both the true values and the predicted values : (a) :
@ = [26.6,28.1,20.4,38.7,32.0]” (mm), (b) : = = [26.6,28.3,20.3, 38.7,32.0]” (mm).

Comparison of Phase 521 between HFSS and Model

(@) F

—— HFSS (Phase S21)

150 —— Model (Phase 521)

100
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Phase (degrees)
)

=100

-150

1.750 1.775 1.800 1.825 1.850 1.875 1.900 1.925 1.950

Frequency (GHz)

Comparison of Phase S21 between HFSS and Model

(b) —— HFsS (Phase 521)
—— Model (Phase $21)

Phase (degrees)
-]

-100

-150

1.750 1.775 1.800 1.825 1.850 1.875 1.900 1.925 1.950

Frequency (GHz)

FIGURE 9. The phase of the complex quantity S2; plotted as function of frequency (GHz) for both the true values and the predicted values : (a) :
x = [26.6,28.1,20.4,38.7,32.0]" (mm), (b) : z = [26.6, 28.3,20.3,38.7,32.0]" (mm).

Two test samples, randomly chosen from the overall test data,
were included in the comparison. The figure shows a close
alignment between the predicted and expected S-parameter val-
ues, indicating a high level of accuracy in the model predictions.

Based on the observations from Fig. 6 and Fig. 7, there is a
comparison between the magnitude values (in decibels). The
graph indicates a strong similarity between the predicted mag-
nitude values and the actual dataset. The predicted magnitude
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values (represented by the green line) demonstrate a significant
alignment with the actual magnitude values of the dataset (de-
picted by the blue line). The closeness between the two lines
suggests a high level of accuracy in the model predictions.

By observing the alignment of the green line with the blue
line, it is clear that the model’s predictions effectively capture
the magnitude values within the dataset. The closer the green
line is to the blue line, the more accurate the model predictions
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are in representing the dataset magnitude values. This align-
ment indicates the reliability and accuracy of the model output
in this context.

The code generates plots comparing the magnitude and phase
of 511 between the true values and model predictions for spe-
cific data samples (a) and (b). This comparison assessed the ac-
curacy of the model in capturing the complex behavior of S
at varying frequencies.

In Fig. 8 and Fig. 9, the focus is on comparing the phase
values of the dataset with the predicted phase values from the
model. The graph shows a strong alignment between the pre-
dicted and actual phase values, indicating the high accuracy
of the model in predicting the phase values. This alignment
suggests that the model effectively learned and represented
the phase characteristics of the dataset. This demonstrates the
model’s ability to accurately predict phase shifts across fre-
quencies, reinforcing its credibility in accurately representing
the phase behavior of the data.

4. CONCLUSION

This study proposes a new DLNN topology-based ReLU acti-
vation function for designing microwave components, such as
waveguide filters. The developed model allocates hidden lay-
ers to optimize the training parameters to compute the pathway
from inputs to outputs by introducing innovative methods for
detecting the error derivative function for the training parame-
ters.

The proposed model demonstrated minimal training/testing
error rates, indicating a high ability to understand data train-
ing and generalize new ones for overall performance. The
proposed deep learning neural network model achieves com-
parable model accuracy while using fewer training parameters
than a fully connected neural network. This efficient param-
eter utilization represents a streamlined and resource-effective
approach that does not compromise the model predictive capac-

ity.
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