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Abstract

This Master’s thesis presents the design, simulation, and intelligent diagnosis of a
sixth-order cross-coupled microstrip bandpass �lter operating around0:85 GHzwith a
target bandwidth of 40 MHz. The work combines full-wave electromagnetic simulation
using ANSYS HFSS with coupling-matrix modeling and a one-dimensional convolu-
tional autoencoder approach for coupling-coe�cient extraction. The theoretical part
introduces microwave �lters, microstrip technology, S-parameters, return loss, insertion
loss, coupled resonators, transmission zeros, equivalent circuits, and coupling-matrix
theory. Classical extraction methods such as Cauchy approximation, vector �tting,
and optimization are reviewed to motivate the proposed learning-based approach. The
intelligent model uses the real and imaginary parts ofS11 and S21 as four input channels
and predicts a 17-coe�cient coupling vector associated with the selected �lter topol-
ogy. The predicted matrix is validated physically by recomputing the S-parameters
from the coupling matrix and comparing them with the target or HFSS response. The
results show that the method is promising for rapid microwave �lter diagnosis, es-
pecially on synthetic matrix-generated data. However, direct extraction from HFSS
data reveals discrepancies caused by phase-shift e�ects, dataset limitations, non-ideal
electromagnetic phenomena, and insu�cient physics-informed constraints. The thesis
concludes that improved preprocessing, larger HFSS-enriched datasets, and stronger
physics-informed loss functions are necessary to achieve more reliable coupling-matrix
extraction for practical microstrip �lter tuning and diagnosis.

Keywords: microstrip �lter, bandpass �lter, coupling matrix, S-parameters, HFSS,
1D-CNN, convolutional autoencoder, transmission zeros, microwave �lter diagnosis.

iii



Contents

Dedication i

Acknowledgements ii

Abstract iii

General Introduction 1

Research Problem Statement 3

1 Theoretical Background and State of the Art on Microwave Filters
and Coupling Matrix Theory 4

1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.2 Microwave and Microstrip Filters . . . . . . . . . . . . . . . . . . . . . 5

1.2.1 Bandpass Filter Speci�cations . . . . . . . . . . . . . . . . . . . 6

1.2.2 S-Parameters, Return Loss, and Insertion Loss . . . . . . . . . . 6

1.3 Coupled-Resonator Microstrip Filters . . . . . . . . . . . . . . . . . . . 7

1.3.1 Resonator Principle . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.3.2 Adjacent Coupling and Cross-Coupling . . . . . . . . . . . . . . 8

1.3.3 Transmission Zeros and Selectivity . . . . . . . . . . . . . . . . 9

1.4 Electrical Equivalent Circuit of the Microstrip Filter . . . . . . . . . . . 9

1.5 Coupling Matrix Theory . . . . . . . . . . . . . . . . . . . . . . . . . . 11

1.5.1 General Matrix Formulation . . . . . . . . . . . . . . . . . . . . 12

1.5.2 Normalized Frequency Transformation . . . . . . . . . . . . . . 12

1.5.3 Matrix-to-Response Relationship . . . . . . . . . . . . . . . . . 13

1.5.4 Physical Interpretation of Coupling Coe�cients . . . . . . . . . 13

1.5.5 Coupling Matrix Extraction and Filter Diagnosis . . . . . . . . 14

1.6 Classical Coupling-Matrix Extraction Methods . . . . . . . . . . . . . . 15

iv



Contents v

1.6.1 Optimization-Based Extraction . . . . . . . . . . . . . . . . . . 15

1.6.2 Cauchy Method for Rational Approximation of S-Parameters . . 15

1.6.3 Phase De-Embedding Before Rational Approximation . . . . . . 18

1.6.4 Vector Fitting Technique . . . . . . . . . . . . . . . . . . . . . . 18

1.6.5 Poles, Residues, and State-Space Interpretation . . . . . . . . . 19

1.6.6 Comparison and Limitations of Classical Methods . . . . . . . . 20

1.7 Transition Toward Learning-Based Diagnosis . . . . . . . . . . . . . . . 20

1.8 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2 Machine Learning and Convolutional Autoencoders for Coupling Ma-
trix Extraction 22

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.2 Arti�cial Intelligence, Machine Learning, and Deep Learning . . . . . . 23

2.2.1 Learning Tasks in Engineering Applications . . . . . . . . . . . 24

2.2.2 General Data-Driven Work�ow . . . . . . . . . . . . . . . . . . 24

2.2.3 Performance Metrics for Regression and Reconstruction . . . . . 25

2.3 Fundamentals of Arti�cial Neural Networks . . . . . . . . . . . . . . . 25

2.3.1 Arti�cial Neuron Model . . . . . . . . . . . . . . . . . . . . . . 26

2.3.2 Training by Backpropagation . . . . . . . . . . . . . . . . . . . 26

2.3.3 Activation Functions . . . . . . . . . . . . . . . . . . . . . . . . 26

2.4 S-Parameter Representation for Deep Learning . . . . . . . . . . . . . . 28

2.4.1 Input Tensor Organization . . . . . . . . . . . . . . . . . . . . . 28

2.4.2 Preprocessing and Normalization . . . . . . . . . . . . . . . . . 28

2.5 One-Dimensional Convolutional Neural Networks for S-Parameter Anal-
ysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

2.5.1 One-Dimensional Convolution Operation . . . . . . . . . . . . . 29

2.5.2 Pooling and Feature Compression . . . . . . . . . . . . . . . . . 30

2.5.3 Advantages of 1D-CNNs for Microwave Filter Diagnosis . . . . . 30

2.6 Autoencoders and Latent Representation Learning . . . . . . . . . . . . 31

2.6.1 Encoder, Latent Space, and Decoder . . . . . . . . . . . . . . . 31

2.6.2 Reconstruction Loss . . . . . . . . . . . . . . . . . . . . . . . . 32

2.7 Convolutional Autoencoder Architecture for Coupling-Matrix Extraction 32

2.7.1 Input-Output Representation . . . . . . . . . . . . . . . . . . . 33

2.7.2 Coupling-Matrix Latent Vector . . . . . . . . . . . . . . . . . . 33



Contents vi

2.7.3 Encoder and Decoder Structure . . . . . . . . . . . . . . . . . . 34

2.8 Loss Function and Training Process . . . . . . . . . . . . . . . . . . . . 35

2.8.1 Prediction Loss . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.8.2 Reconstruction Loss . . . . . . . . . . . . . . . . . . . . . . . . 35

2.8.3 Physics-Informed Consistency Loss . . . . . . . . . . . . . . . . 35

2.8.4 Optimization Using Adam . . . . . . . . . . . . . . . . . . . . . 36

2.9 Detailed Autoencoder Algorithm . . . . . . . . . . . . . . . . . . . . . 36

2.10 Application of CAE to Microstrip Filter Diagnosis . . . . . . . . . . . . 39

2.10.1 Feature Extraction from S-Parameters . . . . . . . . . . . . . . 39

2.10.2 Coupling-Matrix Prediction . . . . . . . . . . . . . . . . . . . . 39

2.10.3 Physical Validation by Reconstructing S-Parameters . . . . . . . 40

2.11 Challenges and Limitations of Deep Learning Approaches . . . . . . . . 40

2.11.1 Dataset Construction . . . . . . . . . . . . . . . . . . . . . . . . 41

2.11.2 Generalization and Over�tting . . . . . . . . . . . . . . . . . . . 41

2.11.3 Physical Consistency . . . . . . . . . . . . . . . . . . . . . . . . 42

2.11.4 Phase Shift and Measurement Noise . . . . . . . . . . . . . . . . 42

2.12 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3 Simulation and Results 44

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.2 Reference Filter Speci�cations . . . . . . . . . . . . . . . . . . . . . . . 45

3.2.1 Bandpass Frequency De�nition . . . . . . . . . . . . . . . . . . 45

3.2.2 Order, Transmission Zeros, and S-Parameter Criteria . . . . . . 45

3.3 Microstrip Filter Structure . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.3.1 General Topology . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.3.2 Substrate, Ports, and Boundary Conditions . . . . . . . . . . . . 48

3.4 Simulation and Extraction Methodology . . . . . . . . . . . . . . . . . 49

3.4.1 ANSYS HFSS Full-Wave Simulation . . . . . . . . . . . . . . . 49

3.4.2 S-Parameter Preprocessing . . . . . . . . . . . . . . . . . . . . . 50

3.4.3 Normalized Frequency and Coupling-Matrix Representation . . 50

3.4.4 Learning Model and Loss Function . . . . . . . . . . . . . . . . 51

3.5 Work�ow of the Proposed Technique . . . . . . . . . . . . . . . . . . . 53

3.6 Simulation and Extraction Results . . . . . . . . . . . . . . . . . . . . 54

3.6.1 HFSS Reference Response . . . . . . . . . . . . . . . . . . . . . 54



Contents vii

3.6.2 Dataset and Training Behavior . . . . . . . . . . . . . . . . . . 55

3.6.3 Validation on Synthetic Matrix-Based Responses . . . . . . . . . 57

3.6.4 Extraction from HFSS Simulation CSV . . . . . . . . . . . . . . 58

3.7 Analysis and Interpretation . . . . . . . . . . . . . . . . . . . . . . . . 60

3.7.1 Bandpass Behavior and S-Parameter Performance . . . . . . . . 60

3.7.2 Interpretation of the HFSS Extraction Discrepancies . . . . . . 60

3.7.3 Need for Algorithmic Improvement . . . . . . . . . . . . . . . . 61

3.8 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.9 Chapter Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

General Conclusion 63

Future Work 64

A Implementation Notes and Reproducibility 65

A.1 S-Parameter Input Representation . . . . . . . . . . . . . . . . . . . . . 65

A.2 Physical Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65



List of Figures

1.1 Role of a microwave bandpass �lter in a simpli�ed RF front-end chain. 5

1.2 Typical S-parameter response of a sixth-order microwave bandpass �lter. 7

1.3 Simpli�ed physical topology of the sixth-order cross-coupled microstrip
�lter. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.4 General equivalent circuit model of anN -resonator coupled microwave
�lter. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.5 Equivalent coupling network of the sixth-order microstrip bandpass �l-
ter, including the source, six resonators, load, main-path couplings, ex-
ternal couplings, and cross-couplings. . . . . . . . . . . . . . . . . . . . 11

1.6 Illustrative normalized 8 � 8 coupling matrix for a sixth-order �lter. . . 12

1.7 Coupling-matrix extraction and diagnosis loop based on response com-
parison. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

1.8 Cauchy-based extraction of characteristic polynomialsE (s), F (s), and
P (s) from measured or simulatedS11 and S21 responses. . . . . . . . . 17

1.9 Main steps of the Cauchy method for rational approximation of S-
parameters. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

1.10 Equivalent two-port �lter model with embedded transmission-line sec-
tions causing port phase shifts. . . . . . . . . . . . . . . . . . . . . . . 18

1.11 Vector �tting work�ow for rational modeling of microwave �lter responses. 19

2.1 General machine-learning work�ow adopted for microwave �lter diagno-
sis and coupling-matrix extraction. . . . . . . . . . . . . . . . . . . . . 23

2.2 Plots of the ReLU, Sigmoid, Tanh, and Sin activation functions used in
neural-network and CAE models. . . . . . . . . . . . . . . . . . . . . . 27

2.3 Principle of one-dimensional convolution applied to multi-channel S-
parameter data. The sliding kernel scans the frequency axis and gener-
ates feature maps representing local spectral patterns. . . . . . . . . . . 30

viii



List of Figures ix

2.4 Convolutional autoencoder principle for coupling-matrix extraction. The
encoder extracts features from multi-channel S-parameters, the latent
space represents the coupling-vector coe�cients, and the decoder recon-
structs the S-parameter response. . . . . . . . . . . . . . . . . . . . . . 32

2.5 Input-output representation used for S-parameter-based coupling-matrix
prediction. The model maps the four-channel frequency tensor to a
vector containing only the physically meaningful coupling coe�cients. . 33

2.6 Proposed supervised 1D-CAE architecture for coupling-vector prediction
and S-parameter reconstruction. . . . . . . . . . . . . . . . . . . . . . . 34

2.7 Flowchart of the complete CAE training and diagnosis procedure. . . . 38

2.8 Block diagram of the main challenges and mitigation strategies in deep-
learning-based microwave �lter diagnosis. . . . . . . . . . . . . . . . . . 41

2.9 Flowchart illustrating the main limitations of deep learning for mi-
crowave �lter diagnosis and the corresponding mitigation strategies. . . 42

3.1 Ideal target response of the sixth-order microstrip bandpass �lter gen-
erated from the reference speci�cations, showing the 40 MHz passband
bandwidth, four �nite transmission zeros, and the 20 dB return-loss ob-
jective. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.2 Reference two-dimensional layout of the sixth-order cross-coupled mi-
crostrip bandpass �lter. The resonators are numbered from 1 to 6 and
the principal dimensions are given in millimeters. . . . . . . . . . . . . 47

3.3 Three-dimensional representation of the proposed microstrip �lter ge-
ometry showing the copper pattern, dielectric substrate, input/output
ports, and main dimensions. . . . . . . . . . . . . . . . . . . . . . . . . 48

3.4 ANSYS HFSS model of the sixth-order cross-coupled microstrip band-
pass �lter used for full-wave electromagnetic simulation and S-parameter
extraction. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.5 Encoder-decoder framework for coupling-matrix extraction and S-parameter
reconstruction. The input channels are< (S11), = (S11), < (S21), and
= (S21), while the bottleneck contains the 17 coupling coe�cients. . . . 52

3.6 Proposed work�ow for microstrip �lter simulation and coupling-matrix
extraction, including ANSYS HFSS simulation, complex S-parameter
preprocessing, coupling-vector prediction, matrix reconstruction, response
validation, and corrective improvement loop. . . . . . . . . . . . . . . . 54



List of Figures x

3.7 Ideal targetS11 and S21 responses of the sixth-order microstrip bandpass
�lter, showing the 40 MHz passband bandwidth, the 20 dB return-loss
objective, and four �nite transmission zeros. . . . . . . . . . . . . . . . 55

3.8 Training and validation loss evolution of the 1D-CAE model. The con-
vergence indicates stable learning on the available dataset, but physical
validation with HFSS data remains necessary. . . . . . . . . . . . . . . 56

3.9 Comparison between reference and predicted coupling coe�cients for
matrix-based validation samples. The model performs better on syn-
thetic matrix-generated responses than on direct HFSS responses. . . . 57

3.10 Validation examples for synthetic matrix-based responses. The agree-
ment con�rms that the model can reconstruct responses when the data
follow the same mathematical model used during training. . . . . . . . 58

3.11 HFSS-based coupling-matrix extraction test showing the predicted cou-
pling matrix and the validation of S11 and S21 reconstructed from the
predicted matrix. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59



List of Tables

1.1 Physical interpretation and diagnostic meaning of coupling-matrix coef-
�cient groups. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

1.2 Comparison between classical extraction methods and learning-based
extraction. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.1 Main learning paradigms and their relevance to microwave �lter diagnosis. 24

2.2 Common activation functions used in neural-network and CAE models. 27

2.3 Typical structure of the proposed supervised 1D-CAE model. . . . . . . 34

2.4 Algorithm 2.1: Supervised 1D-CAE procedure for coupling-matrix ex-
traction. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.5 Physical interpretation of the main coupling-vector groups. . . . . . . . 40

3.1 Reference electrical speci�cations of the studied microstrip bandpass �lter. 46

3.2 Substrate and conductor parameters used in the electromagnetic model. 48

3.3 Main indicators extracted from the simulated reference response. . . . . 55

3.4 Main electromagnetic and learning parameters used in the proposed
work�ow. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

xi



General Introduction

Modern wireless communication systems require compact, selective, and low-loss mi-
crowave components capable of operating in increasingly crowded frequency spectra.
Bandpass �lters are among the most important blocks in radio-frequency front-ends
because they select the useful frequency band, reject adjacent-channel interference, and
protect subsequent stages from unwanted signals. In practical microwave engineering,
microstrip �lters are attractive because of their planar implementation, low fabrication
cost, compact size, and compatibility with printed circuit technology.

The performance of a microwave �lter depends strongly on the interaction between
resonators, coupling gaps, substrate properties, losses, and input/output feeding. For
high-selectivity responses, cross-coupled resonator topologies are widely used because
they can generate �nite transmission zeros and improve stopband rejection without
increasing the �lter order. Nevertheless, the diagnosis and tuning of such �lters remain
challenging because small geometrical deviations may signi�cantly modify the return
loss, insertion loss, bandwidth, and transmission-zero locations.

The coupling matrix provides a compact and physically interpretable representation
of a coupled-resonator �lter. It links the electromagnetic behavior of the structure to
a set of coe�cients representing external coupling, main-path coupling, cross-coupling,
and resonator detuning. Once extracted, the coupling matrix can be used to identify
physical causes of performance degradation and guide the tuning process. However,
classical extraction methods such as Cauchy approximation, vector �tting, and itera-
tive optimization may require careful initialization, phase de-embedding, and expert
intervention.

This thesis investigates a learning-based alternative inspired by one-dimensional
convolutional autoencoders. The proposed approach treats the extraction of the cou-
pling matrix as an inverse regression problem from complex S-parameter responses.
ANSYS HFSS is used to simulate the microstrip �lter and export the complexS11

and S21 responses. These data are then converted into four channels:< (S11), = (S11),
< (S21), and = (S21). A convolutional autoencoder is trained to predict the physically
meaningful coupling coe�cients while reconstructing the input response. The predicted
matrix is �nally validated by recomputing the S-parameters from the coupling-matrix

1



List of Tables 2

equations.



Research Problem Statement

The main research problem addressed in this thesis is the reliable extraction of the
coupling matrix of a sixth-order cross-coupled microstrip bandpass �lter from simulated
S-parameter responses. Although the coupling matrix is highly useful for �lter tuning
and diagnosis, its extraction from full-wave responses is not straightforward. HFSS
simulations include losses, discontinuities, fringing �elds, parasitic interactions, and
phase shifts introduced by feed lines and reference planes. These e�ects may reduce
the accuracy of classical extraction and learning-based prediction.

The objective is therefore to develop and evaluate a methodology that combines
electromagnetic simulation, S-parameter preprocessing, coupling-matrix modeling, and
a convolutional autoencoder framework. The central questions are: how can the com-
plex S-parameter response be represented for neural extraction? Which coupling coef-
�cients should be predicted according to the physical topology? How can the predicted
matrix be validated physically? Finally, what limitations appear when the trained
model is tested on HFSS data, and what improvements are required to obtain reliable
practical diagnosis?

3



Chapter 1

Theoretical Background and State
of the Art on Microwave Filters
and Coupling Matrix Theory

1.1 Introduction

The rapid evolution of wireless communication systems has increased the demand for
compact, selective, and low-loss radio-frequency and microwave components. Modern
wireless platforms, including 4G, 5G, satellite links, radar systems, and emerging 6G
communication scenarios, operate in a highly congested electromagnetic spectrum. In
such systems, microwave �lters play a fundamental role because they select the desired
frequency band, reject unwanted signals, suppress adjacent-channel interference, and
protect the receiver and transmitter chains from undesired spectral components [1, 2, 3].

The present thesis focuses on a sixth-order cross-coupled microstrip bandpass �l-
ter and on the extraction of its coupling matrix from scattering-parameter responses.
The coupling matrix is a compact mathematical representation that relates the elec-
tromagnetic interactions between resonators to the electrical frequency response of
the �lter. Once extracted, it can be used for �lter diagnosis, tuning, validation, and
performance interpretation. Classical extraction techniques such as Cauchy approxi-
mation, vector �tting, and optimization-based methods provide important theoretical
tools; however, they may be sensitive to measurement noise, port-reference-plane phase
shifts, initialization, and local minima [5, 6, 9, 12]. These limitations motivate the use
of learning-based approaches in the following chapters.

This chapter establishes the theoretical background required to understand the
proposed work. It �rst introduces microwave and microstrip �lters, S-parameters,
return loss, insertion loss, resonators, and transmission zeros. It then presents the

4
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electrical equivalent circuit and coupling matrix theory used to connect the physical
�lter layout with its mathematical representation. Finally, classical coupling-matrix
extraction methods are reviewed in order to clarify the motivation for deep-learning-
based diagnosis.

1.2 Microwave and Microstrip Filters

A microwave �lter is a frequency-selective two-port network designed to transmit sig-
nals within a desired frequency band while attenuating signals outside this band. In
a radio-frequency front-end, the �lter is generally located between the antenna, low-
noise or power ampli�er, mixer, local oscillator stage, and baseband processing chain.
Its function is not limited to frequency selection; it also improves spectral purity, in-
creases immunity against interference, protects active components from strong blocking
signals, and contributes to the overall linearity and sensitivity of the communication
system.

Figure 1.1: Role of a microwave bandpass �lter in a simpli�ed RF front-end chain.

Microstrip �lters are widely used in microwave engineering because they are planar,
low cost, compatible with printed circuit fabrication, and easy to integrate with other
RF circuits. A microstrip line consists of a conducting strip printed on a dielectric sub-
strate with a ground plane on the opposite side. Its electromagnetic behavior depends
on the strip width, substrate thickness, dielectric constant, conductor losses, dielectric
losses, radiation e�ects, and discontinuities. These properties make microstrip technol-
ogy attractive for compact �lters, but they also introduce parasitic e�ects that must
be considered during accurate modeling and diagnosis [3].
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1.2.1 Bandpass Filter Speci�cations

A bandpass �lter is characterized by its center frequency, bandwidth, return loss, in-
sertion loss, selectivity, and stopband rejection. Iff 1 and f 2 denote the lower and
upper passband limits, respectively, the center frequency and absolute bandwidth may
be expressed as

f 0 =
f 1 + f 2

2
; (1.1)

BW = f 2 � f 1: (1.2)

For narrowband �lters, the fractional bandwidth is de�ned as

FBW =
BW
f 0

=
f 2 � f 1

f 0
: (1.3)

In the present thesis, the studied �lter is a sixth-order microstrip bandpass �lter with
a nominal center frequency close tof 0 = 0 :85 GHzand a target bandwidth of approx-
imately 40 MHz. This corresponds to a relatively narrow fractional bandwidth, which
is well suited for coupled-resonator and coupling-matrix modeling.

1.2.2 S-Parameters, Return Loss, and Insertion Loss

Scattering parameters are the standard quantities used to characterize microwave net-
works because voltage and current de�nitions become less convenient at high frequen-
cies. For a linear two-port network, the incident and re�ected travelling waves are
related by 2

64
b1

b2

3

75 =

2

64
S11 S12

S21 S22

3

75

2

64
a1

a2

3

75 ; (1.4)

wherea1 and a2 are incident waves, andb1 and b2 are re�ected waves at ports 1 and 2.
The coe�cient S11 represents the input re�ection coe�cient when port 2 is matched,
while S21 represents the forward transmission coe�cient from port 1 to port 2.

The return loss and insertion loss are commonly de�ned as

RL (f ) = � 20 log10 jS11(f )j ; (1.5)

IL (f ) = � 20 log10 jS21(f )j : (1.6)

A good bandpass �lter should exhibit high return loss and low insertion loss in the
passband, together with strong attenuation in the stopband. Figure 1.2 illustrates a
typical S-parameter response of a sixth-order microstrip bandpass �lter.
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Figure 1.2: Typical S-parameter response of a sixth-order microwave bandpass �lter.

1.3 Coupled-Resonator Microstrip Filters

High-selectivity microwave �lters are commonly implemented using coupled resonators.
Each resonator stores electromagnetic energy near its resonant frequency, while the
coupling between resonators controls the transfer of energy through the structure. The
number of resonators determines the order of the �lter and therefore the number of
poles in the passband.

1.3.1 Resonator Principle

A resonator can be interpreted using an equivalentLC circuit, where electric energy
is stored in the capacitance and magnetic energy is stored in the inductance. At reso-
nance, the inductive and capacitive reactances cancel each other, and energy oscillates
between the two storage mechanisms. The ideal resonant angular frequency is

! 0 =
1p
LC

; (1.7)

whereL and C are the equivalent inductance and capacitance. The unloaded quality
factor Qu measures the ratio between stored energy and dissipated energy per cycle:

Qu = ! 0
Wstored

Ploss
; (1.8)

where Wstored is the stored electromagnetic energy andPloss is the average dissipated
power.

In a microstrip open-loop resonator, the equivalent inductance and capacitance
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are distributed along the printed conductor. They depend on the resonator length,
conductor width, dielectric constant, substrate thickness, and nearby coupling gaps.
The physical topology of the sixth-order cross-coupled �lter considered in this work is
shown in Figure 1.3.

Figure 1.3: Simpli�ed physical topology of the sixth-order cross-coupled microstrip �lter.

1.3.2 Adjacent Coupling and Cross-Coupling

Adjacent coupling refers to the normal energy transfer between neighboring resonators
along the main signal path. For the sixth-order topology studied here, the main prop-
agation path can be written as

S ! R1 ! R2 ! R3 ! R4 ! R5 ! R6 ! L: (1.9)

The strength of coupling between two resonators is mainly controlled by their physi-
cal spacing. A smaller gap generally increases electromagnetic coupling and tends to
enlarge the bandwidth. A classical estimate of the coupling coe�cient between two
synchronously tuned resonators is obtained from the split resonant frequenciesf 1 and
f 2:

kij =
f 2

2 � f 2
1

f 2
2 + f 2

1
: (1.10)

Cross-coupling refers to the interaction between non-adjacent resonators. It introduces
alternative signal paths and may create phase cancellations that generate �nite trans-
mission zeros close to the passband edges. Therefore, cross-coupling is a key mechanism
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for improving the selectivity of high-order �lters.

1.3.3 Transmission Zeros and Selectivity

A transmission zero is a frequency at which the forward transmission coe�cient ideally
becomes zero, i.e.,S21 = 0. Transmission zeros are essential in high-selectivity �lters
because they create steep attenuation slopes near the passband. In cross-coupled �lters,
�nite transmission zeros result from destructive interference between multiple signal
paths. Their locations are strongly in�uenced by the signs and magnitudes of cross-
coupling coe�cients.

1.4 Electrical Equivalent Circuit of the Microstrip
Filter

The physical microstrip �lter studied in this work is a distributed electromagnetic
structure. Its behavior is governed by the interaction between electric and magnetic
�elds along the printed resonators, feed lines, coupling gaps, dielectric substrate, and
ground plane. Although full-wave electromagnetic simulation is required to accurately
capture distributed e�ects, parasitic couplings, radiation losses, and discontinuities, an
equivalent electrical circuit remains an essential theoretical tool for interpreting the
�lter response.

The equivalent circuit provides a compact representation of the physical �lter in
terms of resonators, coupling elements, and source/load terminations. Each microstrip
resonator is modeled by an equivalent resonant circuit, while electromagnetic interac-
tions between resonators are represented by coupling elements. The source and load are
modeled by external couplings that describe how energy is injected into and extracted
from the resonator network. Therefore, the equivalent circuit establishes a direct link
between the physical layout and the frequency-domain response.

For a resonator operating near its resonant frequency, the distributed microstrip
structure can be approximated by anLC resonant circuit. Depending on the selected
circuit representation, the resonator may be modeled by either a series or parallel
resonant circuit. The resonant angular frequency is given by Equation (1.7). In a
microstrip implementation, the parametersL and C are distributed along the printed
conductor rather than implemented as discrete components.

The coupling between two resonators may be represented by an admittance in-
verter, an impedance inverter, a mutual inductance, or a coupling capacitance, depend-
ing on the dominant physical coupling mechanism. Magnetic coupling is commonly
associated with mutual inductive e�ects, whereas electric coupling is mainly associated
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with capacitive interaction between adjacent resonator sections. In practical microstrip
�lters, both electric and magnetic couplings may coexist.

Figure 1.4: General equivalent circuit model of anN -resonator coupled microwave �lter.

For the sixth-order microstrip bandpass �lter considered in this thesis, the equiva-
lent coupling network consists of the source nodeS, six resonatorsR1 to R6, and the
load nodeL . The main path in Equation (1.9) is responsible for passband formation
and energy transfer from the input port to the output port. In addition, cross-couplings
introduce alternative propagation paths and generate �nite transmission zeros through
constructive and destructive interference.

The external coupling between the source and the �rst resonator, as well as the
coupling between the sixth resonator and the load, controls the external quality factors
of the �lter. The external quality factor may be interpreted as

Qe = ! 0
Wstored

Pexternal
; (1.11)

where Wstored is the stored energy inside the resonator andPexternal is the power de-
livered to or extracted from the external port. Strong external coupling corresponds
to a smaller Qe, whereas weak external coupling corresponds to a largerQe. Conse-
quently, external couplings strongly in�uence the return loss, input/output matching,
and bandwidth.

The equivalent circuit also provides the physical basis of the coupling matrix for-
mulation. Each coupling element in the circuit corresponds to a coe�cient in the
coupling matrix. Main-path couplings such asM 12, M 23, M 34, M 45, and M 56 mainly
control bandwidth and passband shape. Cross-couplings such asM 16, M 25, M 26, and
M 35 are responsible for transmission-zero generation and stopband selectivity. Diago-
nal terms M 11 to M 66 represent resonator detuning and indicate deviations from ideal
synchronous tuning.
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Therefore, the equivalent electrical circuit is not only a simpli�ed representation
of the microstrip structure but also a diagnostic model. By extracting equivalent
coupling coe�cients from simulated or measured S-parameters, it becomes possible
to identify the physical origin of performance degradation. An abnormal diagonal
coe�cient may indicate resonator detuning, an incorrect main coupling may suggest
a spacing error between adjacent resonators, and an inaccurate cross-coupling may
explain the displacement of transmission zeros.

Figure 1.5: Equivalent coupling network of the sixth-order microstrip bandpass �lter,
including the source, six resonators, load, main-path couplings, external couplings, and

cross-couplings.

1.5 Coupling Matrix Theory

The coupling matrix is a normalized representation of a coupled-resonator �lter. It
expresses the interactions between resonant nodes in compact matrix form and provides
a bridge between the physical layout, the equivalent circuit, and the measured or
simulated S-parameters. For reciprocal passive �lters, the coupling matrix is symmetric
[1, 4].
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1.5.1 General Matrix Formulation

For a �lter of order N , the generalized coupling matrix includes the source nodeS,
N resonators, and the load nodeL . Therefore, its size is(N + 2) � (N + 2) . For the
studied sixth-order �lter, the adopted node ordering is

[S; R1; R2; R3; R4; R5; R6; L ]: (1.12)

The general coupling matrix is written as

M = [ M ij ]8� 8 ; M ij = M ji : (1.13)

In the selected physical topology, only meaningful coe�cients are allowed to be nonzero.
The coupling vector used later for learning-based prediction is

m = [ MS1; M12; M23; M34; M45; M56; M6L ; M16; M25; M26; M35; M11; M22; M33; M44; M55; M66]T :
(1.14)

Figure 1.6 illustrates a normalized8 � 8 coupling matrix corresponding to a sixth-
order topology including external couplings, main-path couplings, cross-couplings, and
diagonal detuning terms.

Figure 1.6: Illustrative normalized 8 � 8 coupling matrix for a sixth-order �lter.

1.5.2 Normalized Frequency Transformation

The coupling matrix is usually formulated in a normalized low-pass frequency domain.
For a narrowband bandpass �lter, the physical frequencyf is transformed into the
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normalized variable
 according to


 =
1

FBW

 
f
f 0

�
f 0

f

!

: (1.15)

This transformation is essential because the matrix equations become independent of
the absolute operating frequency. It also allows �lters with di�erent center frequencies
and bandwidths to be compared in a uni�ed normalized domain.

1.5.3 Matrix-to-Response Relationship

The coupling matrix can be converted into scattering parameters using a network
matrix A (
) . For the node ordering adopted in this thesis, the matrix equation is

A (
) = 
 U � j R + M ; (1.16)

where U applies the normalized frequency term to the resonator nodes only, andR
represents the source/load terminations. For an8 � 8 matrix,

U = diag(0; 1; 1; 1; 1; 1; 1; 0); R = diag(1; 0; 0; 0; 0; 0; 0; 1): (1.17)

The reconstructed re�ection and transmission coe�cients can then be obtained from
the inverse ofA (
) :

S11(
) = 1 + 2 j
h
A � 1(
)

i

S;S
; (1.18)

S21(
) = � 2j
h
A � 1(
)

i

L;S
: (1.19)

Equations (1.16)-(1.19) are central to this thesis because they allow physical validation
of an extracted or predicted matrix. A predicted matrix is meaningful only if the
response reconstructed from it matches the target simulated or measured response.

1.5.4 Physical Interpretation of Coupling Coe�cients

Each group of coupling-matrix coe�cients has a speci�c physical meaning. This in-
terpretation is essential for diagnosis because the objective is not only to reproduce
frequency-response curves but also to identify the physical causes of deviation from
the desired response. External couplings mainly in�uence input/output matching and
external quality factors; main-path couplings control energy transfer and bandwidth;
cross-couplings generate transmission zeros and improve selectivity; and diagonal co-
e�cients indicate resonator detuning.
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Table 1.1: Physical interpretation and diagnostic meaning of coupling-matrix coe�cient
groups.

Coe�cient
group

Examples Main e�ect Diagnostic mean-
ing

External
couplings

MS1, M 6L Input/output
matching and
external quality
factor

Port mismatch,
weak feeding, or
excessive feeding

Main-path
couplings

M 12, M 23, : : :,
M 56

Bandwidth control
and passband shape

Incorrect resonator
spacing or abnormal
energy transfer

Cross-couplings M 16, M 25, M 26,
M 35

Transmission zeros
and selectivity im-
provement

Stopband rejec-
tion degradation or
transmission-zero
displacement

Diagonal terms M 11, : : :, M 66 Resonator detuning
and self-coupling

Frequency shifts
caused by geometry,
fabrication, or sub-
strate errors

1.5.5 Coupling Matrix Extraction and Filter Diagnosis

The extraction problem is the inverse of the matrix-to-response operation. Given
measured or simulated S-parameters, the objective is to recover the coupling matrix
that produces the same response. This extracted matrix can then be compared with
the ideal or designed matrix in order to diagnose the �lter. For example, a large
diagonal coe�cient may indicate resonator detuning, while an inaccurate cross-coupling
coe�cient may explain a shifted transmission zero.
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Figure 1.7: Coupling-matrix extraction and diagnosis loop based on response comparison.

1.6 Classical Coupling-Matrix Extraction Methods

Before introducing learning-based extraction, it is necessary to review the classical
methods used in microwave �lter modeling and diagnosis. These approaches usually
approximate the measured S-parameters by rational functions, extract poles and zeros,
and then derive an equivalent circuit or coupling matrix. The most relevant techniques
for this work are optimization-based extraction, the Cauchy method, and vector �tting.

1.6.1 Optimization-Based Extraction

In optimization-based extraction, an initial matrix M 0 is assumed and iteratively ad-
justed until the response reconstructed from the matrix matches the target data. A
typical cost function is

J (M ) =
N sX

i =1

� ���Starget
11 (f i ) � S11(M ; f i )

���
2

+
���Starget

21 (f i ) � S21(M ; f i )
���
2
�

: (1.20)

Although this method is physically intuitive, the optimization surface may be non-
convex, especially for high-order cross-coupled �lters. A poor initial guess may lead to
local minima and produce a matrix that �ts part of the response but is not physically
correct.

1.6.2 Cauchy Method for Rational Approximation of S-Parameters

The Cauchy method is a classical rational approximation technique widely used in
microwave �lter analysis, synthesis, and diagnosis. Its main objective is to approximate
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measured or simulated scattering parameters by rational functions expressed as ratios
of characteristic polynomials. The poles, zeros, and polynomial coe�cients obtained
from this approximation can be used to describe the dynamic behavior of the �lter and
to support coupling-matrix extraction [6, 7, 9].

For a reciprocal two-port microwave �lter, the re�ection and transmission functions
can be expressed in the normalized complex frequency domain as

S11(s) =
F (s)
E (s)

=

NX

k=0
a1ksk

NX

k=0
bksk

; (1.21)

S21(s) =
P (s)
E (s)

=

nzX

k=0
a2ksk

NX

k=0
bksk

; (1.22)

wheres = � + j! is the complex frequency variable,N is the �lter order, and nz is the
number of �nite transmission zeros. The polynomialE (s) is the common denominator
associated with the poles of the �lter,F (s) is the re�ection polynomial, and P (s) is
the transmission polynomial.

If the S-parameters are known at normalized frequency samplessi = j! i , i =
1; 2; : : : ; Ns, the Cauchy approximation imposes

F (si ) � S11(si )E (si ) � 0; (1.23)

P (si ) � S21(si )E (si ) � 0: (1.24)

Substituting the polynomial expressions into Equations (1.23) and (1.24) gives a linear
system in the unknown polynomial coe�cients:

NX

k=0
a1ksk

i � S11(si )
NX

k=0
bksk

i � 0; i = 1 ; 2; : : : ; Ns; (1.25)

nzX

k=0
a2ksk

i � S21(si )
NX

k=0
bksk

i � 0; i = 1 ; 2; : : : ; Ns: (1.26)

The resulting overdetermined homogeneous system can be solved using least squares
or singular value decomposition. OnceE (s), F (s), and P (s) are determined, the poles
are obtained from the roots ofE (s), the re�ection zeros from the roots ofF (s), and
the transmission zeros from the roots ofP (s).
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Figure 1.8: Cauchy-based extraction of characteristic polynomialsE (s), F (s), and P (s)
from measured or simulatedS11 and S21 responses.

For lossy resonator �lters, a modi�ed complex frequency variable may include the
unloaded quality factor Qu:

s0 =
1

FBW Qu
+ j

1
FBW

 
f
f 0

�
f 0

f

!

: (1.27)

This formulation explains why losses displace poles and zeros in the complex plane and
why simultaneous extraction ofQu and the coupling matrix is di�cult. The Cauchy
method is therefore useful but requires careful sampling, correct model order selection,
and appropriate phase de-embedding.

Figure 1.9: Main steps of the Cauchy method for rational approximation of S-parameters.
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1.6.3 Phase De-Embedding Before Rational Approximation

Measured and full-wave simulated S-parameters may include additional phase rotations
caused by feed lines, port reference planes, and numerical calibration planes. These
e�ects do not belong to the ideal coupling-matrix model and should be removed before
Cauchy extraction, vector �tting, or learning-based diagnosis [9, 11]. If’ 1(f ) and
’ 2(f ) denote the phase contributions at ports 1 and 2, a simpli�ed correction is

S11(f ) = Smeas
11 (f ) exp [j 2’ 1(f )] ; (1.28)

S21(f ) = Smeas
21 (f ) exp [j (’ 1(f ) + ’ 2(f ))] : (1.29)

The phase contributions are often modeled by constant loading terms and linear terms
proportional to frequency:

’ 1(f ) = ’ 01 + � 01
f
f 0

; ’ 2(f ) = ’ 02 + � 02
f
f 0

: (1.30)

Correct phase de-embedding is important because the coupling matrix represents the
intrinsic �lter network and not the external transmission-line sections. If phase shifts
are ignored, the rational model may �t the measured curves but the extracted matrix
may lose its physical meaning.

Figure 1.10: Equivalent two-port �lter model with embedded transmission-line sections
causing port phase shifts.

1.6.4 Vector Fitting Technique

Vector �tting is another rational approximation technique widely used for frequency-
domain modeling of microwave networks. It approximates a complex responseH (s) by
a stable pole-residue expansion [5]:

H (s) �
MX

m=1

rm

s � am
+ d + se; (1.31)
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wheream are poles,rm are residues, andd and e are optional constant and proportional
terms. Vector �tting starts from an initial set of poles and relocates them iteratively
by solving weighted least-squares problems. The �nal result is a rational model that
accurately represents the measured or simulated response.

A key feature of vector �tting is pole relocation. An auxiliary scaling function� (s)
is introduced to improve numerical conditioning:

� (s)H (s) �
MX

m=1

cm

s � am
+ d + se: (1.32)

The zeros of� (s) are then used as improved pole estimates for the next iteration.
This process is repeated until the poles become stable and the approximation error is
su�ciently small.

Figure 1.11: Vector �tting work�ow for rational modeling of microwave �lter responses.

1.6.5 Poles, Residues, and State-Space Interpretation

The poles of a rational model represent the natural modes of the network, while residues
determine how strongly each mode contributes to the response. In microwave �lter
diagnosis, pole displacement can indicate resonator detuning, while residue variations
may be associated with changes in coupling strength. Once a reliable rational function
is available, it may be transformed into a state-space model:

H (s) = C(sI � A )� 1B + D : (1.33)

The matrices A , B , C , and D describe the internal dynamic modes of the �tted
network. When the model is stable and passive, it can be interpreted as an equivalent
circuit and used to support coupling-matrix extraction.
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1.6.6 Comparison and Limitations of Classical Methods

Classical extraction methods remain important because they are grounded in mi-
crowave theory. However, they may require accurate initial guesses, careful phase
de-embedding, noise �ltering, and expert intervention. Their computational cost can
become high when many iterations are required, and their robustness may decrease
when the measured response contains phase shifts, calibration errors, or parasitic ef-
fects.

Table 1.2: Comparison between classical extraction methods and learning-based
extraction.

Criterion Cauchy
method

Vector �t-
ting

Optimization Learning-
based ex-
traction

Main principle Polynomial ra-
tional approxi-
mation

Pole-residue
rational �tting

Direct min-
imization of
response error

Data-driven
inverse map-
ping

Initial guess Moderate im-
portance

Initial poles
required

Critical Not required
after training

Noise sensitiv-
ity

High Medium High Reduced if
trained with
noisy data

Physical inter-
pretation

Indirect Good after
model conver-
sion

Good if con-
vergence suc-
ceeds

Good if con-
strained by
topology

Computation
time

Medium Medium High for high-
order �lters

Very fast infer-
ence

Main limitation Sensitive to
sampling and
phase shift

Pole initializa-
tion and pas-
sivity checks

Local minima Requires
representa-
tive training
dataset

1.7 Transition Toward Learning-Based Diagnosis

The limitations of classical extraction methods motivate the use of machine learning. In
the proposed thesis, the �lter response is represented by four channels:< (S11), = (S11),
< (S21), and = (S21). A one-dimensional convolutional autoencoder is then used to learn
the nonlinear mapping between the frequency-domain response and the coupling-vector
representation. After training, extraction can be performed in a single forward pass
instead of iterative optimization.

However, learning-based extraction should not be treated as a black box. The
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output must respect matrix symmetry, topology constraints, and physical response
consistency. Therefore, the predicted vector should include only allowed coe�cients,
the complete matrix should be explicitly reconstructed, and the responseS(M ) should
be recomputed using Equations (1.16)-(1.19).

1.8 Conclusion

This chapter presented the theoretical foundation of microwave and microstrip band-
pass �lters, with emphasis on coupled-resonator theory, scattering parameters, return
loss, insertion loss, transmission zeros, and coupling-matrix representation. The equiv-
alent electrical circuit was introduced as a bridge between the physical microstrip layout
and the mathematical model used for diagnosis.

The chapter also detailed the coupling matrix formulation for a sixth-order �lter
including source, six resonators, and load. The roles of external couplings, main-path
couplings, cross-couplings, and diagonal detuning terms were explained. The matrix-
to-response equations were presented because they are essential for validating extracted
or predicted coupling matrices.

Finally, classical extraction techniques, including Cauchy approximation, vector
�tting, and optimization-based extraction, were reviewed. Their advantages and lim-
itations justify the transition toward deep-learning methods, which are presented in
Chapter 02. In particular, the next chapter introduces convolutional autoencoders as
an intelligent framework for extracting coupling coe�cients from complex S-parameter
responses.



Chapter 2

Machine Learning and
Convolutional Autoencoders for
Coupling Matrix Extraction

2.1 Introduction

This chapter presents the theoretical and methodological background of the intelli-
gent approach adopted for coupling-matrix extraction from microwave �lter scattering
parameters. After the theoretical study of microwave �lters, resonators, transmission
zeros, and coupling-matrix synthesis introduced in Chapter 01, the present chapter
focuses on the data-driven modeling tools required to analyze complex frequency re-
sponses and infer hidden physical quantities. In particular, it explains the foundations
of machine learning, deep learning, one-dimensional convolutional neural networks (1D-
CNNs), and convolutional autoencoders (CAEs) applied to microwave �lter diagnosis
and modeling.

The proposed research considers coupling-matrix extraction as an inverse modeling
problem. The available information is the frequency-domain response of a microstrip
bandpass �lter, represented by the complex scattering parametersS11(f ) and S21(f ).
The required output is a compact set of coupling coe�cients describing the interaction
between the source, the resonators, and the load. Therefore, the objective of the
learning model is to approximate the nonlinear mapping

F : f S11(f ); S21(f )gf 2B �! m ; (2.1)

whereB is the sampled frequency band andm is the vector of physically meaningful
coupling-matrix coe�cients.

The role of this chapter is to establish the connection between electromagnetic data,

22
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neural feature extraction, latent representation learning, and physical interpretation of
the predicted coupling matrix. The complete work�ow adopted for microwave �lter
diagnosis is summarized in �g. 2.1. This work�ow starts from S-parameter acquisition,
applies preprocessing and normalization, extracts local frequency-domain features us-
ing 1D-CNN �lters, trains the model by minimizing suitable loss functions, predicts
the coupling vector, and �nally validates the result by recomputingS(M ) from the
predicted matrix.

Figure 2.1: General machine-learning work�ow adopted for microwave �lter diagnosis and
coupling-matrix extraction.

2.2 Arti�cial Intelligence, Machine Learning, and
Deep Learning

Arti�cial intelligence (AI) is the broad �eld concerned with the design of systems ca-
pable of performing tasks that usually require human intelligence, such as reasoning,
classi�cation, optimization, decision-making, and pattern recognition. Machine learn-
ing (ML) is a sub�eld of AI in which models learn relationships from data instead
of being explicitly programmed with �xed rules. Deep learning (DL) is a specialized
branch of machine learning based on multilayer neural networks capable of learning
hierarchical feature representations from complex high-dimensional data [17, 18].

In microwave engineering, these techniques are useful because the relation between
physical geometry, electromagnetic coupling, and S-parameter response is strongly non-
linear. A small modi�cation of a resonator gap may shift a transmission zero, modify
the return-loss distribution, or change the bandwidth. Classical electromagnetic simu-
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lation accurately captures this behavior, but it is often computationally expensive. A
trained neural model can approximate the inverse relationship between response and
coupling coe�cients, thus accelerating diagnosis and computer-aided tuning.

2.2.1 Learning Tasks in Engineering Applications

Engineering applications commonly involve classi�cation, regression, reconstruction,
and representation learning. In the context of this thesis, the dominant task isregres-
sion, because the model predicts continuous coupling coe�cients from S-parameter
curves. However, the proposed autoencoder branch also performsreconstruction, be-
cause the decoder is trained to reproduce the original multi-channel S-parameter tensor
from the latent representation.

The microwave �lter diagnosis problem can therefore be interpreted as a hybrid
supervised reconstruction problem. The encoder predicts the coupling vector, while
the decoder reconstructs the input response, forcing the latent vector to preserve the
most relevant electromagnetic information. Table 2.1 summarizes the main learning
paradigms and their relevance to the proposed method.

Table 2.1: Main learning paradigms and their relevance to microwave �lter diagnosis.

Learning
paradigm

Principle Use in this thesis

Supervised learning Learns from labeled input-
output pairs.

Predicts coupling coe�cients
from S-parameters.

Unsupervised learn-
ing

Finds hidden structures with-
out explicit labels.

Supports latent representa-
tion learning in the autoen-
coder.

Regression Predicts continuous numeri-
cal quantities.

Estimates continuous
coupling-matrix elements.

Reconstruction Reproduces an input from a
compressed representation.

Reconstructs S-parameter
channels from the latent
vector.

Physics-informed
learning

Adds physical equations to
the training objective.

Improves consistency between
the predicted matrix and the
reconstructed response.

2.2.2 General Data-Driven Work�ow

A complete data-driven work�ow includes data acquisition, preprocessing, input tensor
construction, model training, validation, prediction, and physical interpretation. For
microwave �lters, data can be generated using analytical coupling-matrix equations,
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full-wave electromagnetic simulation, or vector network analyzer measurements. The
preprocessing stage is essential because simulated or measured S-parameters may con-
tain phase shifts, noise, interpolation artifacts, and inconsistent frequency sampling.

For a �lter response sampled atNs frequency points, the model input is constructed
from four real-valued channels:

X = [ <f S11g; =f S11g; <f S21g; =f S21g] 2 RN s � 4: (2.2)

This representation avoids phase discontinuities caused by phase wrapping and pre-
serves the complete complex information of the scattering parameters.

2.2.3 Performance Metrics for Regression and Reconstruction

The performance of a neural model must be evaluated using quantitative metrics. For
coe�cient prediction, the mean squared error (MSE), mean absolute error (MAE),
and root mean square error (RMSE) are commonly used. Letmk denote the reference
coupling coe�cient and cmk its predicted value. ForK predicted coe�cients, the metrics
are de�ned by

MSECM =
1
K

KX

k=1
(mk � cmk)2 ; (2.3)

MAE CM =
1
K

KX

k=1
jmk � cmk j ; (2.4)

RMSECM =

vuut 1
K

KX

k=1
(mk � cmk)2: (2.5)

For S-parameter reconstruction, the error can be computed between the target response
and the response reconstructed by the decoder or by the predicted coupling matrix. In
dB scale, the RMSE is written as

RMSES =

vuut 1
Ns

N sX

i =1
(Starget ;dB (f i ) � Spred;dB (f i ))2: (2.6)

This second validation is particularly important because a small numerical coe�cient
error may still produce a signi�cant physical response mismatch.

2.3 Fundamentals of Arti�cial Neural Networks

Arti�cial neural networks (ANNs) are computational models inspired by the distributed
information processing of biological neural systems. A neural network consists of layers
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of interconnected computational units called neurons. Each neuron performs a weighted
summation of its inputs, adds a bias term, and applies a nonlinear activation function.
This nonlinear transformation enables the network to approximate complex functions
and solve inverse problems that cannot be represented by simple linear models.

2.3.1 Arti�cial Neuron Model

For an input vector x = [ x1; x2; : : : ; xn ]T , the output of a neuron is computed from a
weighted sum followed by a nonlinear activation function� (�):

u =
nX

i =1
wi x i + b; (2.7)

y = � (u); (2.8)

wherewi are trainable weights,b is a bias term,u is the pre-activation value, andy is
the neuron output. In matrix form, the propagation through layer ‘ is expressed as

a( ‘ ) = �
�
W ( ‘ )a( ‘ � 1) + b ( ‘ )

�
; (2.9)

whereW ( ‘ ) and b ( ‘ ) are the weight matrix and bias vector of layer‘ .

2.3.2 Training by Backpropagation

Training consists of adjusting the weights and biases to minimize a loss function. The
backpropagation algorithm applies the chain rule to compute the gradients of the loss
with respect to all trainable parameters. A basic gradient-descent update is written as

� t+1 = � t � � r � L (� t ); (2.10)

where� denotes the set of trainable parameters,� is the learning rate, andL is the ob-
jective loss. In the implemented CAE model, the Adam optimizer is preferred because
it combines momentum and adaptive learning-rate scaling, improving convergence sta-
bility for deep architectures [19].

2.3.3 Activation Functions

Activation functions introduce nonlinearity into the network. Without nonlinear acti-
vation functions, a multilayer network would collapse into an equivalent single linear
transformation. In the proposed CAE framework, ReLU or SELU can be used in
the convolutional layers, Tanh can bound the coupling-vector output, and sinusoidal
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activation can support oscillatory reconstruction behavior in the decoder. The most
common functions used in this context are summarized in table 2.2, while their shapes
are shown in �g. 2.2.

Table 2.2: Common activation functions used in neural-network and CAE models.

Activation Mathematical expression Main property

ReLU f (x) = max(0 ; x) Simple and e�cient; reduces
vanishing-gradient problems in
many deep networks.

Sigmoid f (x) =
1

1 + e� x Maps values into[0; 1]; useful for
probabilistic outputs but may sat-
urate.

Tanh f (x) = tanh( x) Maps values into[� 1; 1] and pro-
duces centered outputs.

SELU f (x) = �x if x > 0, �� (ex � 1)
if x � 0

Encourages self-normalizing be-
havior in deep networks.

Sin f (x) = sin( x) Suitable for oscillatory or periodic
signal reconstruction.

Figure 2.2: Plots of the ReLU, Sigmoid, Tanh, and Sin activation functions used in
neural-network and CAE models.
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2.4 S-Parameter Representation for Deep Learning

Microwave �lters are usually characterized by their scattering parameters. In a two-
port network, S11 describes the re�ected wave at the input port, whereasS21 describes
the transmitted wave from port 1 to port 2. Since these quantities are complex, they
can be represented either in magnitude-phase form or in Cartesian form. For deep
learning, the Cartesian form is usually more stable:

Spq(f i ) = <f Spq(f i )g + j =f Spq(f i )g; p; q2 f 1; 2g: (2.11)

2.4.1 Input Tensor Organization

For each simulated or measured �lter response, the input tensor is organized as

X =

2

6666666664

<f S11(f 1)g =f S11(f 1)g <f S21(f 1)g =f S21(f 1)g

<f S11(f 2)g =f S11(f 2)g <f S21(f 2)g =f S21(f 2)g
...

...
...

...

<f S11(f N s )g =f S11(f N s )g <f S21(f N s )g =f S21(f N s )g

3

7777777775

2 RN s � 4: (2.12)

In the implemented model,Ns = 80 frequency samples are used. Therefore, each �lter
response contains80 � 4 = 320 scalar input values.

2.4.2 Preprocessing and Normalization

Before training, each channel must be normalized to improve numerical conditioning
and stabilize gradient descent. Ifxc denotes a value in channelc, standard normaliza-
tion is given by

exc =
xc � � c

� c + �
; (2.13)

where � c and � c are the mean and standard deviation of channelc, and � is a small
positive value preventing division by zero. The same normalization parameters must
be applied to training, validation, testing, and new measured samples.

2.5 One-Dimensional Convolutional Neural Networks
for S-Parameter Analysis

Convolutional neural networks are deep-learning architectures designed to exploit local
correlations in structured data. In microwave �lter diagnosis, the S-parameter response
is a frequency-indexed sequence; neighboring frequency points are strongly correlated,
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and important features such as resonances, passband ripples, and transmission zeros
are local spectral patterns. For this reason, one-dimensional CNNs are well suited to
S-parameter analysis.

2.5.1 One-Dimensional Convolution Operation

A one-dimensional convolution layer applies learnable �lters along the frequency axis.
For an input sequencex[n] and a kernelh[k] of length K c, the output feature mapy[n]
is written as

y[n] = �
 K c � 1X

k=0
h[k]x[n � k] + b

!

; (2.14)

where b is a bias and� (�) is the activation function. For a multi-channel input with
C = 4 channels, the convolution becomes

yr [n] = �
 CX

c=1

K c � 1X

k=0
hr;c [k]xc[n � k] + br

!

; (2.15)

wherer is the index of the output feature map. Thus, a 1D convolution can learn cor-
relations between<f S11g, =f S11g, <f S21g, and =f S21g over local frequency windows.
Figure 2.3 illustrates how a sliding convolution kernel extracts local spectral patterns
from the four-channel S-parameter tensor.
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Figure 2.3: Principle of one-dimensional convolution applied to multi-channel S-parameter
data. The sliding kernel scans the frequency axis and generates feature maps representing

local spectral patterns.

2.5.2 Pooling and Feature Compression

Pooling layers reduce the sequence length of feature maps and improve robustness
against small frequency shifts. Max pooling selects the dominant local response within
a window, which is useful for emphasizing strong spectral features such as notches,
resonant peaks, and transmission zeros. For a pooling window of sizeP , max pooling
is de�ned as

p[n] = max f x[nP ]; x[nP + 1] ; : : : ; x[nP + P � 1]g : (2.16)

By combining convolution and pooling, the network progressively compresses the fre-
quency response while preserving the most relevant spectral signatures.

2.5.3 Advantages of 1D-CNNs for Microwave Filter Diagnosis

The use of 1D-CNNs o�ers several advantages for S-parameter-based diagnosis:

� They preserve the sequential nature of frequency-domain data.

� They extract local patterns associated with resonances, passband ripple, and
stopband attenuation.
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� They reduce the number of trainable parameters compared with fully connected
networks.

� They improve generalization by sharing convolution kernels along the frequency
axis.

� They provide a suitable encoder block for convolutional autoencoders.

2.6 Autoencoders and Latent Representation Learn-
ing

An autoencoder is a neural architecture designed to reproduce its input at the output
through a compressed internal representation. It consists of two main parts: an encoder
and a decoder. The encoder compresses the input into a latent vector, while the decoder
reconstructs the original input from this latent vector. The compression process forces
the network to retain the most relevant information and discard redundancy or noise.

2.6.1 Encoder, Latent Space, and Decoder

Let x be an input vector representing the S-parameter response. The encoder mapsx
to a latent vector z according to

z = f � (x ); (2.17)

where f � is the encoder parameterized by� . The decoder reconstructs the input from
the latent representation:

bx = g’ (z); (2.18)

whereg’ denotes the decoder. The complete autoencoder mapping is therefore

bx = g’ (f � (x )) : (2.19)

In the present work, the latent vector is not only a mathematical compression. It
is designed to represent the selected coupling coe�cients, giving the hidden space a
direct physical meaning. Figure 2.4 presents the encoder-decoder principle used for
coupling-matrix extraction and S-parameter reconstruction.
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Figure 2.4: Convolutional autoencoder principle for coupling-matrix extraction. The
encoder extracts features from multi-channel S-parameters, the latent space represents the

coupling-vector coe�cients, and the decoder reconstructs the S-parameter response.

2.6.2 Reconstruction Loss

The basic training objective of an autoencoder is the reconstruction loss, which mea-
sures the discrepancy between the input and the reconstructed output. ForN samples,
the mean squared reconstruction loss is

L rec =
1
N

NX

i =1
kx i � bx i k2

2 : (2.20)

A low reconstruction loss means that the latent representation preserves the essential
information needed to reconstruct the original frequency response. However, recon-
struction alone does not guarantee that the latent variables correspond to a valid
physical coupling matrix. For this reason, a supervised prediction term is added in the
proposed framework.

2.7 Convolutional Autoencoder Architecture for Coupling-
Matrix Extraction

A convolutional autoencoder combines convolutional feature extraction with the recon-
struction principle of autoencoders. In the one-dimensional case, convolutional �lters
scan the frequency axis of the S-parameter response. This allows the model to cap-
ture local electromagnetic signatures while progressively compressing the input into a
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low-dimensional representation.

2.7.1 Input-Output Representation

The input data are represented by the real and imaginary parts ofS11 and S21, as
introduced in eq. (2.12). The desired output is not the full8 � 8 coupling matrix, but
only a vector containing the physically meaningful nonzero coe�cients. This choice
reduces the output dimension and respects the selected �lter topology. Figure 2.5
illustrates the input-output representation used in the proposed learning model.

Figure 2.5: Input-output representation used for S-parameter-based coupling-matrix
prediction. The model maps the four-channel frequency tensor to a vector containing only

the physically meaningful coupling coe�cients.

2.7.2 Coupling-Matrix Latent Vector

For a sixth-order �lter with source and load nodes, the complete coupling matrix has
size8� 8. Instead of predicting all 64 entries, only the physically meaningful coe�cients
are estimated. The selected coupling vector is

m = [ MS1; M12; M23; M34; M45; M56; M6L ; M16; M25;

M 26; M35; M11; M22; M33; M44; M55; M66]T :
(2.21)

After prediction, this vector is expanded into a complete symmetric matrix. The
symmetry condition is essential for reciprocal passive microwave �lters:

M ij = M ji : (2.22)
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Using a �xed coe�cient order is critical. If the ordering changes between dataset gener-
ation, model training, prediction, matrix reconstruction, and validation, the predicted
matrix may remain numerically plausible but physically incorrect.

2.7.3 Encoder and Decoder Structure

The encoder contains one-dimensional convolutional layers, pooling layers, a �atten
layer, and a dense bottleneck. The dense bottleneck outputs the 17 coupling coe�-
cients. The decoder receives the coupling vector and reconstructs the original80 � 4
S-parameter tensor using dense layers and a �nal reshape operation. The proposed
supervised 1D-CAE architecture is presented in �g. 2.6, and its main layers are sum-
marized in table 2.3.

Figure 2.6: Proposed supervised 1D-CAE architecture for coupling-vector prediction and
S-parameter reconstruction.

Table 2.3: Typical structure of the proposed supervised 1D-CAE model.

Block Layer or operation Output shape Function

Input S-parameter tensor (80; 4) Complex response represen-
tation.

Encoder Conv1D + MaxPooling (26; 32) Local spectral feature ex-
traction.

Encoder Conv1D + MaxPooling (13; 32) Feature compression.
Encoder Conv1D + MaxPooling (6; 32) Deep spectral representa-

tion.
Latent output Dense layer (17) Coupling-vector prediction.
Decoder Dense layers 256; 1024; 1204; 320S-parameter reconstruction.
Output Reshape (80; 4) Reconstructed S-parameter

channels.
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2.8 Loss Function and Training Process

The proposed network is trained using a supervised autoencoder objective. The �rst
term forces the encoder to predict the correct coupling-vector labels. The second term
forces the decoder to reconstruct the input S-parameter channels. A physics-informed
extension may also be added by recomputing S-parameters from the predicted matrix
and comparing them with the true response.

2.8.1 Prediction Loss

The coupling-vector prediction loss measures the di�erence between the reference vector
m and the predicted vectorcm :

L p = km � cmk2
2 : (2.23)

This term ensures that the latent representation remains close to the target physical
coupling coe�cients.

2.8.2 Reconstruction Loss

The reconstruction loss measures how well the decoder reproduces the input tensorX :

L r =



 X � cX





2

2
: (2.24)

This term regularizes the latent representation by forcing it to preserve the information
required to reconstruct the original S-parameter response.

2.8.3 Physics-Informed Consistency Loss

For microwave �lter diagnosis, a predicted matrix is useful only if it reconstructs a
physically consistent frequency response. Therefore, an additional physical loss can be
introduced by computing the responseS( cM ) from the predicted coupling matrix:

L phys =



 S( cM ) � Strue





2

2
: (2.25)

The complete objective function is then

L total = � pL p + � r L r + � physL phys; (2.26)

where � p, � r , and � phys control the relative importance of coe�cient accuracy, decoder
reconstruction, and physical response consistency. If the reconstructed response from
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the predicted matrix is poor, � phys should be increased in order to force the latent
vector to remain physically meaningful.

2.8.4 Optimization Using Adam

The Adam optimizer is used because it adapts the learning rate for each parameter
and includes momentum-like behavior through running averages of the gradients. For
a gradient gt = r � L t , Adam computes

st = � 1st � 1 + (1 � � 1)gt ; (2.27)

v t = � 2v t � 1 + (1 � � 2)g2
t ; (2.28)

wherest and v t are the �rst and second moment estimates. After bias correction, the
parameters are updated as

� t+1 = � t � �
bstp

bv t + �
: (2.29)

This adaptive update is suitable for networks combining convolutional and dense layers
because di�erent parameters may require di�erent e�ective learning rates.

2.9 Detailed Autoencoder Algorithm

The complete training and inference procedure is summarized in Algorithm 2.4. It
starts from the preparation of the S-parameter dataset and ends with the prediction
and physical validation of the coupling matrix.

Table 2.4: Algorithm 2.1: Supervised 1D-CAE procedure for coupling-matrix extraction.

Input: complex S-parametersS11(f ) and S21(f ), target coupling vectorsm .

1. Sample all responses on the same frequency gridf 1; f 2; : : : ; f N s .
2. Decompose the complex responses into<f S11g, =f S11g, <f S21g, and =f S21g.
3. Normalize the input channels and construct the tensorX 2 RN � N s � 4.
4. Train the convolutional encoder to mapX to the predicted coupling vectorcm .
5. Train the decoder to reconstructcX from the latent coupling vector.
6. Minimize L total in eq. (2.26).
7. For a new HFSS or measured response, predictcm using the trained encoder.
8. Rebuild the complete symmetric coupling matrixcM from cm .
9. RecomputeS11 and S21 from cM and compare them with the input response.

Output: predicted coupling matrix, reconstructed S-parameters, and error met-
rics.
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Figure 2.7 presents the complete CAE training and diagnosis procedure. It shows
the transition from data acquisition to preprocessing, encoder training, decoder recon-
struction, loss computation, optimization, inference, and physical validation.
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Figure 2.7: Flowchart of the complete CAE training and diagnosis procedure.
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2.10 Application of CAE to Microstrip Filter Di-
agnosis

The practical objective of the proposed CAE model is to accelerate the diagnosis of
microstrip �lters. In a conventional work�ow, a designer compares the simulated or
measured response with the expected response, manually adjusts physical dimensions,
and repeats the electromagnetic simulation. This process can be slow for high-order
�lters with several cross-couplings. A trained CAE provides a direct inverse mapping
from the frequency response to the coupling coe�cients, enabling rapid interpretation
of the internal electromagnetic behavior.

2.10.1 Feature Extraction from S-Parameters

The real and imaginary parts ofS11 and S21 contain information about resonant fre-
quencies, coupling strength, phase delay, return loss, insertion loss, and transmission
zeros. The convolutional encoder scans these channels and learns local signatures as-
sociated with passband and stopband behavior. For example, a deep transmission zero
in S21 may indicate a speci�c cross-coupling path, whereas a shift in anS11 minimum
may indicate resonator detuning.

2.10.2 Coupling-Matrix Prediction

The predicted vector is interpreted as a compact physical descriptor of the �lter. Main-
path coe�cients such as M 12, M 23, M 34, M 45, and M 56 control energy transfer and
bandwidth. Source/load couplings such asMS1 and M 6L in�uence external quality
factors and matching. Cross-couplings such asM 16, M 25, M 26, and M 35 control �nite
transmission zeros and selectivity. Diagonal termsM 11 to M 66 describe resonator de-
tuning. The physical interpretation of the main coe�cient groups is summarized in
table 2.5.
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Table 2.5: Physical interpretation of the main coupling-vector groups.

Coe�cient group Examples Physical meaning

External couplings MS1, M 6L Control input/output matching
and external quality factors.

Main-path couplings M 12, M 23, M 34, M 45,
M 56

Control bandwidth and energy
transfer between adjacent res-
onators.

Cross-couplings M 16, M 25, M 26, M 35 Create �nite transmission zeros
and improve selectivity.

Diagonal terms M 11, M 22, : : :, M 66 Represent resonator detuning or
self-coupling.

2.10.3 Physical Validation by Reconstructing S-Parameters

A key requirement is that the predicted coupling matrix must reproduce the original
S-parameter response. For a �lter with source, six resonators, and load, the matrix
equation is generally expressed as

A (
) = 
 U � j R + cM ; (2.30)

whereU applies the normalized frequency to the resonator nodes andR represents the
source/load terminations. The reconstructed scattering parameters are obtained by

S11 = 1 + 2 j
h
A � 1

i

S;S
; (2.31)

S21 = � 2j
h
A � 1

i

L;S
: (2.32)

This validation step is essential because a model may predict numerically close coe�-
cients but still generate a physically inaccurate response. Therefore, the reconstructed
S11 and S21 must be compared with the target HFSS or measured response.

2.11 Challenges and Limitations of Deep Learning
Approaches

Although deep learning provides powerful tools for microwave �lter diagnosis, several
limitations must be considered. Figure 2.8 gives a block-diagram representation of
the main challenges and mitigation strategies, while �g. 2.9 summarizes them as a
diagnostic work�ow.
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Figure 2.8: Block diagram of the main challenges and mitigation strategies in
deep-learning-based microwave �lter diagnosis.

2.11.1 Dataset Construction

The quality of the model strongly depends on the quality and diversity of the training
data. Analytical datasets are easy to generate and useful for fast experimentation.
However, they may not include full-wave e�ects such as substrate dispersion, radiation,
conductor losses, discontinuities, and parasitic coupling. HFSS or CST datasets are
more realistic because they include electromagnetic e�ects, but they require signi�cant
computational time and careful meshing. A practical solution is to use hybrid datasets
that combine analytical responses, full-wave simulation samples, noisy cases, and phase-
shifted examples.

2.11.2 Generalization and Over�tting

A neural network may perform well on training samples but fail on �lters outside the
sampled design space. This problem is known as over�tting. Regular validation, data
augmentation, dropout, early stopping, and physically constrained losses can improve
generalization. The training set must cover realistic perturbations of the most sensitive
coupling coe�cients; otherwise, the model may learn only a narrow local approximation
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of the �lter behavior.

2.11.3 Physical Consistency

Unconstrained neural outputs may violate matrix symmetry, topology constraints, or
response consistency. For this reason, the output vector should contain only allowed
coe�cients, and the reconstructed matrix should be explicitly symmetrized before phys-
ical validation according to eq. (2.22). Moreover, the predicted matrix should be vali-
dated by recomputingS11 and S21 using eqs. (2.31) and (2.32).

2.11.4 Phase Shift and Measurement Noise

Measured or full-wave S-parameters may contain additional phase shifts due to port
reference planes, cable lengths, and numerical port e�ects. Noise may also appear
because of measurement uncertainty or solver convergence errors. Training data should
include realistic phase-shifted and noisy cases, or a preprocessing step should remove
the phase contribution before extraction. This improves robustness when applying the
model to measured or full-wave responses.

Figure 2.9: Flowchart illustrating the main limitations of deep learning for microwave
�lter diagnosis and the corresponding mitigation strategies.
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2.12 Conclusion

This chapter presented the theoretical foundations of machine learning, deep learn-
ing, one-dimensional convolutional neural networks, and convolutional autoencoders
for microwave �lter diagnosis. The discussion showed that S-parameter responses
can be treated as structured multi-channel sequences, making them suitable for one-
dimensional convolutional feature extraction. The autoencoder architecture was then
introduced as a framework for learning a compact latent representation that can be
associated with the coupling matrix of a microstrip �lter.

Special emphasis was placed on the encoder-decoder structure, latent space, ac-
tivation functions, training process, loss function, and physical interpretation of the
coupling coe�cients. The chapter also explained why physical validation through S-
parameter reconstruction is necessary, especially when applying the model to HFSS or
measured data. These theoretical elements establish the basis for Chapter 03, where
the proposed method is implemented, tested, and evaluated on a sixth-order microstrip
bandpass �lter.



Chapter 3

Simulation and Results

3.1 Introduction

This chapter presents the simulation, extraction, and validation stage of the proposed
sixth-order cross-coupled microstrip bandpass �lter. The main objective is to evalu-
ate the electromagnetic behavior of the designed �lter in ANSYS HFSS, extract the
complex scattering parameters, and test the ability of the proposed learning-based
procedure to estimate a physically meaningful coupling matrix from the simulated
response.

The chapter focuses on the connection between three descriptions of the same
microwave component: the physical microstrip layout, the full-wave electromagnetic
response represented byS11 and S21, and the equivalent coupling-matrix model used
for diagnosis. This connection is important because the coupling matrix is not only
a compact mathematical representation of the �lter topology, but also a diagnostic
tool that can indicate resonator detuning, incorrect coupling gaps, and displacement
of transmission zeros.

The studied structure operates around0:85 GHzwith a target bandwidth of approx-
imately 40 MHz. The cross-coupled topology is selected because it can generate �nite
transmission zeros, improve selectivity, and provide a suitable benchmark for coupling-
matrix extraction. The simulation and validation procedure is inspired by classical
microwave �lter diagnosis methods, such as Cauchy extraction and vector �tting, and
by recent one-dimensional convolutional autoencoder approaches for coupling-matrix
extraction [1, 3, 10, 13, 15].

44
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3.2 Reference Filter Speci�cations

The reference network adopted in this work is a sixth-order cross-coupled microstrip bandpass
�lter. It is speci�ed around the center frequency

f 0 = 0 :85 GHz; (3.1)

with an absolute bandwidth
BW = 40 MHz = 0 :04 GHz: (3.2)

Consequently, the passband limits are

f 1 = f 0 �
BW

2
= 0 :83 GHz; f 2 = f 0 +

BW
2

= 0 :87 GHz: (3.3)

The fractional bandwidth is

FBW =
BW
f 0

=
0:04
0:85

= 0 :04706� 4:706%: (3.4)

The �lter order is N = 6 , which means that the passband is formed by six coupled resonant
modes. The selected topology includes the source nodeS, six resonatorsR1 to R6, and the load
node L. The non-adjacent cross-couplings are introduced to produce four �nite transmission
zeros and to improve the stopband selectivity. The ideal design target is an equiripple return-
loss behavior close to20 dB inside the passband, with strong attenuation outside the interval
0:83� 0:87 GHz.

Table 3.1: Reference electrical speci�cations of the studied microstrip bandpass �lter.

Quantity Symbol Reference value

Filter type � Cross-coupled microstrip bandpass �lter
Filter order N 6
Center frequency f 0 0:85 GHz
Absolute bandwidth BW 40 MHz
Lower passband edge f 1 0:83 GHz
Upper passband edge f 2 0:87 GHz
Fractional bandwidth FBW 0:04706, i.e. 4:706%
Return-loss objective RL 20 dB
Finite transmission zeros nz 4
Observation range � 0:70� 1:00 GHz

The ideal normalized coupling matrix used as the electrical reference is

M ideal =

2

6
6
6
6
6
6
6
6
6
6
6
6
4

0 0:9903 0 0 0 0 0 0
0:9903 0 0:8224 0 0 0 0:0276 0

0 0:8224 0 � 0:5376 0 � 0:2656 � 0:0085 0
0 0 � 0:5376 0 0:7756 � 0:0425 0 0
0 0 0 0:7756 0 � 0:5376 0 0
0 0 � 0:2656 � 0:0425 � 0:5376 0 0:8224 0
0 0:0276 � 0:0085 0 0 0:8224 0 0:9903
0 0 0 0 0 0 0:9903 0

3

7
7
7
7
7
7
7
7
7
7
7
7
5

:

(3.5)
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This matrix is expressed in the node order

[S; R1; R2; R3; R4; R5; R6; L ]: (3.6)

The coe�cients M S1 and M 6L represent the input and output external couplings. The coe�cients
M 12, M 23, M 34, M 45, and M 56 form the principal energy path through the �lter. The cross-
couplings M 16, M 25, M 26, and M 35 are responsible for the �nite transmission zeros. Thus,
the ideal matrix provides the theoretical reference for the desired response, whereas the HFSS
simulation provides the practical full-wave electromagnetic response used for �nal validation.
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3.2 Reference Filter Specifications - LPF and BPF S-Parameter Responses

The ideal low-pass prototype and its bandpass transformation are included here to complete the reference
specification section. The LPF plot verifies the normalized prototype behavior, while the BPF plot shows the
corresponding response after transformation to the physical frequency band centered at f

0
 = 0.85 GHz with a 40

MHz bandwidth.

Figure 3.1a: Ideal LPF prototype S-parameter response generated from the target coupling matrix.

Figure 3.1b: Ideal BPF S-parameter response with finite transmission zeros in the physical frequency domain.
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3.3 Microstrip Filter Structure

3.3.1 General Topology

The proposed �lter consists of six open-loop microstrip resonators printed on a dielec-
tric substrate. The input and output feed lines excite the �rst and sixth resonators,
respectively. The main energy path is

S ! R1 ! R2 ! R3 ! R4 ! R5 ! R6 ! L; (3.7)

where S denotes the source,L denotes the load, andRi is the i th resonator. Adja-
cent couplings control the passband bandwidth and energy transfer. Cross-couplings
introduce additional propagation paths that can generate �nite transmission zeros and
improve stopband selectivity.

Figure 3.2 presents the two-dimensional reference layout. The distances between
resonators, includingd16, d25, and d34, are directly related to the coupling intensities.
Small variations in these gaps may shift the resonant modes, modify the bandwidth,
and change the transmission-zero positions.

Figure 3.2: Reference two-dimensional layout of the sixth-order cross-coupled microstrip
bandpass �lter. The resonators are numbered from 1 to 6 and the principal dimensions are

given in millimeters.

Figure 3.3 provides a three-dimensional representation of the same structure, in-
cluding the dielectric substrate, copper pattern, feed lines, and substrate thickness.
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Figure 3.3: Three-dimensional representation of the proposed microstrip �lter geometry
showing the copper pattern, dielectric substrate, input/output ports, and main dimensions.

3.3.2 Substrate, Ports, and Boundary Conditions

The reference �lter is implemented on a Rogers RO3010 substrate. The use of a high
relative permittivity reduces the resonator dimensions and supports compact imple-
mentation. The main material and simulation parameters are summarized in Table 3.2.

Table 3.2: Substrate and conductor parameters used in the electromagnetic model.

Parameter Value / Description

Substrate material Rogers RO3010
Relative permittivity " r = 10:2
Substrate thickness h = 1 :27 mm
Loss tangent tan � = 0 :0035
Metallization Copper microstrip layer over ground plane
Copper conductivity � = 5 :8 � 107 S=m
Reference impedanceZ0 = 50 


Port 1 is connected to the input feed line and Port 2 to the output feed line. Both
ports are normalized to50 
 . The ground plane is modeled as a conducting reference
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layer, while the external air region is terminated using open or radiation boundary
conditions in order to emulate free-space propagation around the printed structure.

3.4 Simulation and Extraction Methodology

3.4.1 ANSYS HFSS Full-Wave Simulation

In this work, the proposed microstrip �lter was modeled and simulated exclusively
using ANSYS HFSS . HFSS was selected as the full-wave electromagnetic simulation
tool because it solves Maxwell’s equations for three-dimensional RF and microwave
structures and allows the inclusion of dielectric losses, conductor losses, fringing �elds,
discontinuities, coupling gaps, and open boundary conditions.

The simulation was con�gured to extract the complex scattering parametersS11(f )
and S21(f ) over the observation range. Both magnitude and phase were exported
because coupling-matrix extraction requires the complex response, not only magnitude
curves in decibels. The HFSS model used for the simulation is shown in Fig. 3.4.

Figure 3.4: ANSYS HFSS model of the sixth-order cross-coupled microstrip bandpass
�lter used for full-wave electromagnetic simulation and S-parameter extraction.

The HFSS work�ow consists of de�ning the substrate and conductor materials,
drawing the six resonators and feed lines, assigning input and output ports, surrounding
the structure with an open air region, re�ning the mesh near coupling gaps, sweeping
the required frequency range, and exporting the complexS11 and S21 data for post-
processing.
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3.4.2 S-Parameter Preprocessing

The exported S-parameters are complex quantities:

Sij (f ) = jSij (f )j ej \ Sij (f ) ; (3.8)

where i; j 2 f 1; 2g. For data-driven extraction, one response is represented by four
real-valued channels:

x (f n ) = [ <f S11(f n )g; =f S11(f n )g; <f S21(f n )g; =f S21(f n )g] : (3.9)

For Ns frequency samples, this gives an input tensorX 2 RN s � 4. In this work, Ns = 80,
corresponding to 320 input features per response.

HFSS responses may include additional phase shifts caused by feed lines, port
reference planes, and de-embedding e�ects. These contributions do not belong to the
intrinsic coupling-matrix model. They are approximated by

� 1(f ) = � 01 + � 01
f
f 0

; � 2(f ) = � 02 + � 02
f
f 0

; (3.10)

leading to the corrected responses

Scorr
11 (f ) = SHFSS

11 (f )ej 2� 1 (f ) ; (3.11)

Scorr
21 (f ) = SHFSS

21 (f )ej [� 1 (f )+ � 2 (f )] : (3.12)

This preprocessing step is important because phase-shift e�ects can strongly degrade
coupling-matrix extraction accuracy [10, 15].

3.4.3 Normalized Frequency and Coupling-Matrix Represen-
tation

The coupling-matrix model is formulated in the normalized low-pass domain. The
physical frequency is transformed using


 =
1

FBW

 
f
f 0

�
f 0

f

!

: (3.13)

For a sixth-order �lter including source and load nodes, the complete matrix size
is 8 � 8 with the node order [S;1; 2; 3; 4; 5; 6; L ]. Because the �lter is reciprocal, the
matrix is symmetric:

M ij = M ji : (3.14)
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Only physically meaningful coe�cients are predicted. The selected vector is

m = [ MS1; M12; M23; M34; M45; M56; M6L ; M16; M25;

M 26; M35; M11; M22; M33; M44; M55; M66]T :
(3.15)

The �xed order in Eq. (3.15) must be preserved during dataset preparation, prediction,
matrix reconstruction, and validation.

The physical validation is carried out by recomputingS11 and S21 from the pre-
dicted matrix. The system matrix is

A (
) = 
 U � j R + M ; (3.16)

where
U = diag(0; 1; 1; 1; 1; 1; 1; 0); R = diag(1; 0; 0; 0; 0; 0; 0; 1): (3.17)

The reconstructed responses are obtained as

S11(
) = 1 + 2 j
h
A � 1(
)

i

1;1
; (3.18)

S21(
) = � 2j
h
A � 1(
)

i

8;1
: (3.19)

3.4.4 Learning Model and Loss Function

The proposed extraction model is based on a one-dimensional convolutional autoen-
coder. The encoder extracts spectral patterns from the four-channel S-parameter input,
while the latent output represents the 17 coupling coe�cients. The decoder recon-
structs the S-parameter channels in order to encourage the latent vector to preserve
the relevant spectral information. Figure 3.5 summarizes this principle.
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Figure 3.5: Encoder-decoder framework for coupling-matrix extraction and S-parameter
reconstruction. The input channels are< (S11), = (S11), < (S21), and = (S21), while the

bottleneck contains the 17 coupling coe�cients.

The prediction loss and reconstruction loss are de�ned as

L p =
1

Nb

NbX

i =1
km i � cm i k2

2 ; (3.20)

L r =
1

Nb

NbX

i =1




 X i � cX i





2

2
: (3.21)

The implemented loss is
L CAE = � pL p + � r L r : (3.22)

To improve physical consistency, an additional term may be introduced:

L phys =



 S( cM ) � SHFSS





2

2
: (3.23)

This term is especially important when the model is tested on HFSS responses rather
than ideal synthetic responses.
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3.5 Work�ow of the Proposed Technique

Figure 3.6 presents the complete work�ow. The procedure starts with �lter speci�cation
and geometry construction. ANSYS HFSS is then used to obtain the complex response.
After preprocessing and phase correction, the four-channel input tensor is formed. The
extraction model predicts the coupling vector, reconstructs the full symmetric matrix,
and recomputesS11 and S21. If the reconstructed response is not su�ciently close to
the HFSS response, the preprocessing, dataset, loss weighting, or model architecture
must be improved.
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3.6 Simulation and Extraction Results

3.6.1 HFSS Reference Response

The HFSS reference response constitutes the practical electromagnetic reference of the designed
microstrip �lter. Contrary to the ideal matrix-generated response, the HFSS response includes
the distributed behavior of the real layout: conductor and dielectric losses, open-end fringing
�elds, discontinuities, parasitic interactions between non-adjacent resonators, and phase delay
introduced by the input and output feeding lines. For this reason, the HFSS response is considered
the most relevant validation case for the learning-based extraction method.

The reference simulation was performed over the interval0:70� 1:00 GHz using 80 frequency
samples. The target passband remains centered aroundf 0 = 0 :85 GHz, with the approximate
limits 0:83 GHz and 0:87 GHz. The exported data consist of the complex quantitiesS11(f )
and S21(f ). For the neural extraction process, each response is represented by four real-valued
channels:

x(f ) = [ <f S11(f )g; =f S11(f )g; <f S21(f )g; =f S21(f )g] : (3.16)

This representation preserves both magnitude and phase information, which is necessary for
extracting a physically meaningful coupling matrix.

Table 3.3: Main indicators retained for the �nal HFSS validation.

Quantity Value / observation Role in validation

Frequency range 0:70� 1:00 GHz Full-band comparison
Number of samples Ns = 80 Input tensor length
Target center frequency 0:85 GHz Desired passband location
Target passband 0:83� 0:87 GHz Local passband error evaluation
Input channels <S11; =S11; <S21; =S21 Complex response representation
Output vector 17 coe�cients Physically meaningful couplings
Validation criterion Recomputed S(M pred) Physical consistency check

3.6.2 Dataset and Training Behavior

The learning model uses a supervised convolutional autoencoder structure. The encoder maps
the four-channel S-parameter response to a compact coupling-vector representation, while the
decoder reconstructs the S-parameter response from the latent representation. The predicted
coupling vector contains only the coe�cients allowed by the selected topology:

m = [ M S1; M 12; M 23; M 34; M 45; M 56; M 6L ; M 16; M 25; M 26; M 35; M 11; M 22; M 33; M 44; M 55; M 66]T :
(3.17)

Synthetic matrix-generated responses are useful because they follow exactly the coupling-matrix
equations used for reconstruction. However, the �nal HFSS case is more di�cult because it
contains non-ideal electromagnetic e�ects that are not perfectly represented by the normalized
matrix model. This di�erence creates a domain gap between ideal training examples and practical
full-wave responses.

3.6.3 Validation on Synthetic Matrix-Based Responses

Before applying the trained network to HFSS data, the model was validated using responses
generated directly from known coupling matrices. In this controlled case, the target and predicted
data obey the same mathematical model. The comparison con�rmed that the network can learn
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the principal relationship between the spectral response and the coupling coe�cients. This
preliminary validation is important, but it is not su�cient for practical diagnosis because real
microstrip structures introduce losses, parasitic �elds, feed-line phase delay, and model-order
mismatch.

Therefore, the last and most important validation is performed by applying the model to
the de-embedded HFSS CSV response and by recomputing the scattering parameters from the
predicted matrix.

3.6.4 Extraction from HFSS Simulation CSV

After preprocessing and normalization, the trained model was applied to the HFSS de-embedded
CSV data. The full predicted matrix is reconstructed using the node order

[S; R1; R2; R3; R4; R5; R6; L ]: (3.18)

For the �nal de-embedded HFSS test, the predicted coupling matrix is

M pred =

2

6
6
6
6
6
6
6
6
6
6
6
6
6
4

0 � 0:984686 0 0 0 0 0 0
� 0:984686 0:109109 � 1:003768 0 0 0 0:066511 0

0 � 1:003768 0:102356 � 0:751329 0 � 0:253712 0:022894 0
0 0 � 0:751329 0:134345 � 0:768903 � 0:120626 0 0
0 0 0 � 0:768903 0:071415 0:846803 0 0
0 0 � 0:253712 � 0:120626 0:846803 0:017221 � 0:993349 0
0 0:066511 0:022894 0 0 � 0:993349 0:094776 1:160046
0 0 0 0 0 0 1:160046 0

3

7
7
7
7
7
7
7
7
7
7
7
7
7
5

:

(3.19)
The corresponding predicted vector is

m pred =

2

6
6
6
4

� 0:984686 � 1:003768 � 0:751329 � 0:768903 0:846803
� 0:993349 1:160046 0:066511 � 0:253712 0:022894
� 0:120626 0:109109 0:102356 0:134345 0:071415
0:017221 0:094776

3

7
7
7
5

T

: (3.20)

The matrix is symmetric, which is required for a reciprocal passive �lter. The reconstructed
response is computed from

A(
) = 
 U � jR + M pred ; (3.21)

where
U = diag(0 ; 1; 1; 1; 1; 1; 1; 0); R = diag(1 ; 0; 0; 0; 0; 0; 0; 1): (3.22)

The re�ection and transmission coe�cients are then obtained from

S11(
) = 1 + 2 j
h
A � 1(
)

i

S;S
; (3.23)

S21(
) = � 2j
h
A � 1(
)

i

L;S
: (3.24)
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3.6.4 Extraction from HFSS Simulation CSV - Initial HFSS/CM Comparison

Before adding the decoder response, the extracted coupling matrix is first validated by comparing only the
HFSS de-embedded response with the S-parameters recomputed from the extracted coupling matrix. This first
comparison directly evaluates the physical consistency of the predicted matrix.

Figure 3.6a: First validation comparison between the HFSS de-embedded response and the response recomputed from the
extracted coupling matrix for S21 and S11. The RMSE and MAE values quantify the full-band discrepancy.
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Figure 3.7: Final comparison of the de-embedded HFSS response and the response reconstructed from
the extracted coupling matrix.

The combined response in Fig. 3.7 provides the global visual assessment of the extraction.
To facilitate a more detailed interpretation, the re�ection and transmission responses are also
presented separately in Figs. 3.8 and 3.9. The separated plots make the mismatch mechanisms
clearer: the reconstructedS11 curve does not reproduce all return-loss minima with the same
depth as HFSS, while the reconstructedS21 curve captures the existence of the transmission band
but with a shifted passband and di�erent stopband attenuation.

Figure 3.8: Detailed full-band comparison of S11 between the de-embedded HFSS response, the response
rebuilt from M pred , and the decoder output.
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Figure 3.9: Detailed full-band comparison of S21 between the de-embedded HFSS response, the response
rebuilt from M pred , and the decoder output.

Table 3.4: Quantitative comparison between HFSS de-embedded data and the response reconstructed
from the extracted coupling matrix.

Response Frequency region RMSE (dB) MAE (dB)

S11 Full band 0:70� 1:00 GHz 4.900 2.082
S21 Full band 0:70� 1:00 GHz 9.626 7.108
S11 Passband0:83� 0:87 GHz 13.200 12.189
S21 Passband0:83� 0:87 GHz 3.800 3.004

The HFSS de-embedded response gives its best return-loss value at approximately

f = 0 :8633 GHz; S11 = � 26:55 dB: (3.25)

The reconstructed response obtained from the extracted matrix reaches its minimumS11 at

f = 0 :8253 GHz; S11 = � 15:14 dB: (3.26)

For the transmission response, the HFSS response reaches its maximum level at

f = 0 :8443 GHz; S21 = � 2:59 dB; (3.27)

whereas the reconstructed matrix response reaches its maximum at

f = 0 :8253 GHz; S21 = � 0:14 dB: (3.28)

These values show that the extracted matrix reproduces the global bandpass behavior but remains
shifted toward lower frequencies. The mismatch is especially visible in the return-loss response,
which is more sensitive to impedance matching, resonator detuning, and external quality factors.

The error metrics in Table 3.4 con�rm this visual behavior. In the full band, the S11 RMSE is
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4:900dB, whereas theS21 RMSE is 9:626dB. In the restricted passband,S21 is better reproduced
than S11, with a passband RMSE of3:800 dB. This indicates that the model has learned the
main transmission mechanism, but the matching condition remains more di�cult to recover. This
result is coherent with microwave �lter theory because re�ection is strongly a�ected by small
perturbations of external coupling and resonator detuning.
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3.7 Analysis and Interpretation

The extracted coupling matrix provides a physical diagnosis of the �lter. The external couplings
M S1 and M 6L describe the energy injection and extraction at the input and output ports. The
main-path couplings M 12, M 23, M 34, M 45, and M 56 control the transmission of energy through
the six-resonator chain. The cross-couplingsM 16, M 25, M 26, and M 35 generate alternative signal
paths and are responsible for �nite transmission zeros. The diagonal termsM 11 to M 66 represent
resonator detuning.

In an ideal synchronously tuned matrix, the diagonal coe�cients should be close to zero. In
the extracted matrix, the diagonal terms are

M 11 = 0 :109109; M 22 = 0 :102356; M 33 = 0 :134345; (3.29)

M 44 = 0 :071415; M 55 = 0 :017221; M 66 = 0 :094776: (3.30)

These values indicate that the HFSS structure behaves as if several resonators were detuned.
This is physically reasonable because the full-wave microstrip model includes fringing �elds,
discontinuities, open-end e�ects, and parasitic couplings that are absent from the ideal normalized
prototype.

The extracted external couplings are

M S1 = � 0:984686; M 6L = 1 :160046: (3.31)

The sign depends on the phase convention and resonator orientation; the magnitude is therefore
more important for coupling strength. The input coupling magnitude jM S1j = 0 :984686is close
to the ideal level, whereasjM 6L j = 1 :160046indicates stronger output coupling.

Using the normalized approximation

qe;S �
1

M 2
S1

; qe;L �
1

M 2
6L

; (3.32)

and the bandpass relation
Qe �

qe

FBW
; (3.33)

the extracted external quality factors are approximately

Qe;S �
1

0:04706(0:984686)2
� 21:9; (3.34)

Qe;L �
1

0:04706(1:160046)2
� 15:8: (3.35)

The smaller value ofQe;L con�rms that the output side is more strongly coupled than the input
side. This asymmetry contributes to the deformation of the return-loss response and to the
mismatch between the HFSS curve and the reconstructed matrix response.

The main-path couplings are

M 12 = � 1:003768; M 23 = � 0:751329; M 34 = � 0:768903; (3.36)

M 45 = 0 :846803; M 56 = � 0:993349: (3.37)

Their relatively large magnitudes con�rm that the predicted matrix corresponds to a strongly
coupled sixth-order bandpass topology. However, their non-uniform distribution explains the
deformation and shift of the reconstructed passband.
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The cross-couplings are

M 16 = 0 :066511; M 25 = � 0:253712; M 26 = 0 :022894; M 35 = � 0:120626: (3.38)

Since �nite transmission zeros are highly sensitive to weak cross-couplings, small deviations in
these terms can produce large changes in stopband attenuation and zero locations. The extracted
matrix therefore provides a useful diagnostic interpretation: the dominant bandpass behavior is
captured, but the detailed matching and �nite-zero positions are not fully reproduced.
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3.8 Discussion

The �nal HFSS extraction demonstrates that coupling-matrix prediction from full-wave data is
feasible but challenging. The extracted matrix preserves the main physical structure of the �lter:
external source/load couplings, a principal six-resonator path, cross-couplings associated with
�nite transmission zeros, and diagonal detuning terms. This con�rms that the learning model
has captured a meaningful representation of the selected topology.

Nevertheless, the numerical comparison reveals a visible frequency shift and amplitude
mismatch. The HFSSS11 minimum occurs at 0:8633GHz, whereas the reconstructedS11 minimum
occurs at 0:8253GHz. Similarly, the HFSS maximum transmission appears at0:8443GHz, while
the reconstructed maximum occurs at0:8253 GHz. This indicates that the predicted matrix
represents a �lter whose e�ective resonance is shifted downward relative to the HFSS model.

Several causes explain this discrepancy. First, HFSS models a distributed electromagnetic
structure, whereas the coupling matrix is a normalized resonator model. Second, residual phase
shifts caused by feed lines and port reference planes may remain in the complex S-parameter
data even after de-embedding. Third, the training set is mainly based on ideal matrix-generated
responses, so it does not fully cover practical electromagnetic e�ects such as loss, dispersion,
parasitic coupling, and local detuning. This creates a domain gap between synthetic training
data and HFSS validation data.

The passband error is also informative. The passband RMSE is larger forS11 than for S21,
which means that the model reconstructs the transmission window more easily than the detailed
return-loss ripple. This is expected becauseS11 is highly sensitive to impedance matching,
resonator detuning, and external quality factors, whereasS21 mainly indicates whether energy is
transferred through the main resonator chain.
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3.8.1 Need for Algorithmic Improvement

The �rst improvement concerns preprocessing. A more systematic phase de-embedding procedure
should be applied before training and prediction. The corrected responses may be written as

Scorr
11 (f ) = SHFSS

11 (f )ej 2� 1 (f ) ; (3.39)

Scorr
21 (f ) = SHFSS

21 (f )ej [� 1 (f )+ � 2 (f )] ; (3.40)

where � 1(f ) and � 2(f ) are the phase shifts associated with the input and output reference planes.
The second improvement concerns the training objective. The loss function should include a

physics-informed term based on the S-parameters recomputed from the predicted matrix:

L phys =
1

Ns

N sX

k=1

� �
�
�Starget

11 (f k ) � S11(M pred ; f k )
�
�
�
2

+
�
�
�Starget

21 (f k ) � S21(M pred ; f k )
�
�
�
2
�

: (3.41)

The total loss can then be written as

L total = � L matrix + � L rec + 
 L phys: (3.42)

This formulation forces the model not only to predict coe�cients but also to produce a matrix
that reconstructs the electromagnetic response.

The third improvement is dataset enrichment. The model should be trained with HFSS-
enriched examples obtained by controlled variations of resonator lengths, coupling gaps, substrate
parameters, feed positions, and port reference planes. This would allow the neural network to
learn the practical di�erence between ideal coupling-matrix responses and full-wave microstrip
responses.

3.9 Conclusion

This chapter presented the �nal simulation and extraction results of the sixth-order cross-coupled
microstrip bandpass �lter. The reference speci�cations were de�ned by a center frequency of
0:85 GHz, a bandwidth of 40 MHz, a sixth-order topology, a 20 dB return-loss objective, and four
�nite transmission zeros. The �nal HFSS CSV response was used as the most realistic validation
case for the proposed 1D-CAE-based coupling-matrix extraction method.

The predicted matrix preserved the main physical structure of the �lter and reproduced
the global bandpass behavior. However, the comparison with the HFSS de-embedded response
showed a frequency shift and amplitude mismatch, especially in the return-loss response. These
discrepancies indicate that the current matrix should be interpreted as an approximate diagnostic
matrix rather than a �nal industrial tuning matrix.

The �nal conclusion is that the proposed method is promising for rapid microwave �lter
diagnosis and educational interpretation. For higher practical accuracy, the work�ow should be
improved by stronger phase alignment, larger HFSS-enriched datasets, more realistic loss/noise
augmentation, and a physics-informed loss that directly minimizes the di�erence between HFSS
responses and responses reconstructed from the predicted coupling matrix.



General Conclusion

This thesis presented a complete study of the design, simulation, and intelligent diag-
nosis of a sixth-order cross-coupled microstrip bandpass �lter. The theoretical study
showed that microwave bandpass �lters can be described through S-parameters, equiv-
alent resonator circuits, and coupling-matrix theory. The coupling matrix was shown
to be a powerful diagnostic model because it relates the electrical response of the �lter
to the physical interactions between resonators.

The second chapter introduced the machine-learning background required for coupling-
matrix extraction from frequency-domain data. The S-parameter response was repre-
sented as a four-channel input tensor containing the real and imaginary parts ofS11

and S21. The convolutional autoencoder architecture was selected because its encoder
can extract local spectral features, while its decoder forces the latent representation to
preserve information needed to reconstruct the S-parameter response.

The third chapter validated the methodology through ANSYS HFSS simulation
and coupling-matrix prediction. The studied �lter was speci�ed around0:85 GHz
with a 40 MHz bandwidth, four expected transmission zeros, and a 20 dB return-loss
objective. The simulation results con�rmed the narrowband bandpass behavior of the
structure. The learning-based extraction showed promising behavior on synthetic data,
but the HFSS CSV extraction test revealed important discrepancies, especially in the
reconstructedS11 response and in the detailedS21 transmission behavior.

These results show that the proposed framework is scienti�cally relevant but still
requires improvement before it can be used as a fully reliable practical tuning tool.
The main conclusion is that coupling-matrix prediction must not be evaluated only by
coe�cient error; it must also be validated by recomputing the physical S-parameter
response from the predicted matrix. This physical validation is essential for con�rming
whether the extracted matrix has diagnostic meaning.
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Future Work

Several improvements can be considered in future work. First, the dataset should
be enlarged using more HFSS-generated samples that include realistic variations of
resonator dimensions, coupling gaps, substrate properties, losses, and fabrication tol-
erances. Second, the preprocessing stage should be improved by applying more robust
phase de-embedding and normalization procedures. Third, the training loss should
include a physics-informed term that directly minimizes the error between HFSS re-
sponses and responses reconstructed from the predicted coupling matrix. Fourth, more
advanced architectures such as residual 1D-CNNs, attention mechanisms, or hybrid
CNN-transformer structures could be investigated. Finally, experimental validation
using fabricated �lters and vector network analyzer measurements would be necessary
to con�rm the practical applicability of the proposed approach.
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Appendix A

Implementation Notes and
Reproducibility

A.1 S-Parameter Input Representation

For each response sampled atNs frequency points, the input tensor is organized as

X = [ < (S11); = (S11); < (S21); = (S21)] 2 RN s � 4:

The same frequency grid and the same normalization parameters must be used during
training, validation, testing, and prediction on new HFSS or measured data.

A.2 Physical Validation

The �nal validation step recomputesS11 and S21 from the predicted coupling matrix.
This step is mandatory because a low coe�cient error does not always guarantee a
physically correct response. A predicted matrix should be accepted only when both
the coe�cient values and the reconstructed S-parameter response are consistent with
the target or HFSS response.

65



Bibliography

[1] R. J. Cameron, C. M. Kudsia, and R. R. Mansour,Microwave Filters for Commu-
nication Systems: Fundamentals, Design, and Applications. Hoboken, NJ, USA:
Wiley, 2018.

[2] D. M. Pozar, Microwave Engineering, 4th ed. Hoboken, NJ, USA: Wiley, 2012.

[3] J.-S. Hong,Microstrip Filters for RF/Microwave Applications , 2nd ed. Hoboken,
NJ, USA: Wiley, 2011.

[4] G. Matthaei, L. Young, and E. M. T. Jones, Microwave Filters, Impedance-
Matching Networks, and Coupling Structures. Artech House, 1980.

[5] B. Gustavsen and A. Semlyen, �Rational approximation of frequency domain re-
sponses by vector �tting,� IEEE Transactions on Power Delivery, vol. 14, no. 3,
pp. 1052�1061, 1999.

[6] R. S. Adve, T. K. Sarkar, S. M. Rao, E. K. Miller, and D. R. P�ug, �Applica-
tion of the Cauchy method for extrapolating/interpolating narrow-band system
responses,�IEEE Transactions on Microwave Theory and Techniques, vol. 45, no.
5, pp. 837�845, 1997.

[7] I. K. Mandal, Synthesis and Design of Microwave Filters and Duplexers with Single
and Dual Band Responses, Master’s thesis, University of North Texas, 2013.

[8] G. Macchiarella,Basic Equations for Filter Synthesis. Polytechnic University of
Milan, course material.

[9] R. Wang, J. Xu, C.-L. Wei, M.-Y. Wang, and X.-C. Zhang, �Improved extraction
of coupling matrix and unloaded Q from S-parameters of lossy resonator �lters,�
Progress In Electromagnetics Research, vol. 120, pp. 67�81, 2011.

[10] R. Wang, J. Xu, C.-L. Wei, M.-Y. Wang, and X.-C. Zhang, �Improved extraction
of coupling matrix and unloaded Q from S-parameters of lossy resonator �lters,�
Progress In Electromagnetics Research, vol. 120, pp. 67�81, 2011.

66



Bibliography 67

[11] R. Wang, L.-Z. Li, and L. Peng, �Diagnosis of lossy resonator �lters with source-
load coupling using Y-parameters,�International Journal of RF and Microwave
Computer-Aided Engineering, vol. 24, pp. 713�717, 2014.

[12] R. Wang, L.-Z. Li, L. Peng, X.-Q. Tu, and X.-X. Zhong, �Diagnosis of coupled
resonator bandpass �lters using VF and optimization method,�Progress In Elec-
tromagnetics Research M, vol. 51, pp. 195�203, 2016.

[13] R. Wang, L.-Z. Li, L. Peng, X.-Q. Tu, and X.-X. Zhong, �Diagnosis of coupled
resonator bandpass �lters using VF and optimization method,�Progress In Elec-
tromagnetics Research M, vol. 51, pp. 195�203, 2016.

[14] Y. Zhang, Y. Wang, Y. Yi, J. Wang, J. Liu, and Z. Chen, �Coupling matrix extrac-
tion of microwave �lters by using one-dimensional convolutional autoencoders,�
Frontiers in Physics, vol. 9, Article 716881, 2021.

[15] Y. Zhang, Y. Wang, Y. Yi, J. Wang, J. Liu, and Z. Chen, �Coupling matrix extrac-
tion of microwave �lters by using one-dimensional convolutional autoencoders,�
Frontiers in Physics, vol. 9, Article 716881, 2021.

[16] J.-J. Sun, X. Yu, and S. Sun, �Coupling matrix extraction for microwave �lter
design using neural networks,�IEEE International Conference on Computational
Electromagnetics, 2018.

[17] I. Goodfellow, Y. Bengio, and A. Courville,Deep Learning. Cambridge, MA, USA:
MIT Press, 2016.

[18] Y. LeCun, Y. Bengio, and G. Hinton, �Deep learning,�Nature, vol. 521, pp. 436�
444, 2015.

[19] D. P. Kingma and J. Ba, �Adam: A method for stochastic optimization,� in Proc.
International Conference on Learning Representations, 2015.


