CHALMERS

UNIVERSITY OF TECHNOLOGY

Deep-Learning-Based Pixelated Microwave Filter Design and
Characterization using Electro-Optical Electric-Field Measurements

Downloaded from: https://research.chalmers.se, 2026-06-24 19:09 UTC

Citation for the original published paper (version of record):

Zhou, H., Bannister, R., Pierce, C. et al (2026). Deep-Learning-Based Pixelated Microwave Filter

Design and Characterization using
Electro-Optical Electric-Field Measurements. IEEE MTT-S International Microwave Symposium

Digest

N.B. When citing this work, cite the original published paper.

© 2026 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained
for all other uses, in any current or future media, including reprinting/republishing this material for
advertising or promotional purposes, or reuse of any copyrighted component of this work in other
works.

(article starts on next page)



2606.18402v1 [eess.SP] 16 Jun 2026

arxXiv

This is the author accepted version of a paper accepted for presentation at the 2026 IEEE/MTT-S International Microwave Symposium (IMS 2026). © 2026
1IEEE. The final published version will be available in IEEE Xplore.

Deep-Learning-Based Pixelated Microwave Filter Design and
Characterization using Electro-Optical Electric-Field Measurements

Han Zhou*, Richard Bannister®, Caspar Pierce®, Haojie Chang”, David Widén*, Ludvig Fornstedt,
Gabriel Melin®, Alexander Bohlin®, Pontus Lindeberg Fredriksson*,
Dilbagh Singh®, Christian Fager*, Koen Buisman®

#Chalmers University of Technology, Gothenburg, Sweden
$Advanced Technology Institute, University of Surrey, Guildford, UK
“National Physical Laboratory, Teddington, UK.
han.zhou@ieee.org, k.buisman@surrey.ac.uk

Abstract— Traditional microwave filter design typically relies
on iterative parameter tuning and predefined topologies,
which limits design space and increases development time.
This study uses a deep learning approach combining
convolutional neural networks with genetic algorithms to
automate pixelated microwave filter synthesis. To validate
the approach experimentally, both S-parameter and spatial
electric-field measurements were analyzed. The synthesized
low-pass filter demonstrated excellent agreement between
simulated and measured performance, achieving a 7 GHz
passband with over 20 dB suppression beyond 9.5 GHz.
Electro-optical measurements, for the first time, revealed electric
field patterns that resemble coupled transmission-lines or stub
structures, providing insight into the emergent characteristics of
Al-generated designs.
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I. INTRODUCTION

The rapid growth of data throughput has driven wireless
communication systems toward higher frequencies and greater
integration. This shift has heightened the importance of
designing complex electromagnetic (EM) layout structures.
Traditional design methods for microwave circuits primarily
rely on pre-selected EM topologies informed by prior
knowledge of physical effects, employing either lumped
or distributed elements. While effective, these approaches
demand meticulous tailoring of parameterized layouts, making
the process time-intensive and limiting the design space.

In recent years, a method has been introduced that pixelates
the geometry of EM layout structures into binary matrices,
where each pixel represents the presence or absence of
metal. When combined with deep learning techniques, this
approach shows significant potential to expand the design
space and surpass traditional design methodologies. This
method has been successfully applied in various domains,
including integrated photonics [1], metalens antennas [2], and
millimeter-wave passive and integrated circuits [3]. These
non-intuitive pixelated geometries operate through unobvious
EM coupling. Electric field measurements can offer insight
into the operation and emergent characteristics of such
pixelated designs.
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Fig. 1. The trained deep CNN architecture with a binary matrix input
representing the pixelated EM layout and S-parameters as output. The forward
emulator, derived from the trained CNN-based surrogate model, enables the
inverse synthesis of EM structures to achieve desired S-parameters.

Existing studies primarily validate artificial intelligence
(AI) designed circuits through simulated or measured
S-parameters [4], [5], [6], [7], [8], which quantify port
responses but do not give insight into their EM behavior.
Different from human-engineered layouts, Al synthesized
pixelated designs may exploit unobvious EM interactions.
To bridge this gap, electro-optical (EO) field measurements
provide a non-intrusive method to spatially resolve electric
fields across broad bandwidths [9]. Unlike conventional
near-field probes, EO techniques map vectorial electric fields
without perturbing device operation. Despite their success in
characterizing traditional passive [10], [11] and active [12]
components, EO methods remain unexplored in analyzing
Al-driven EM designs, particularly in understanding how
non-traditional geometries manipulate electric fields.

This research focuses on this area by presenting EO
measurements and their interpretation for an Al-designed
low-pass filter, thereby gaining understanding and learning
from these Al-designed circuits.

II. METHOD
A. Deep-Learning-Based Filter Design

The employed deep learning method uses a planar circuit
layout discretized into a grid, where each cell is binary:
"1" for metal and "O" for non-metal. The layout structure
is discretized into a 13x13 grid of pixels, with a pixel
dimension of 0.9x0.9 mm. This configuration balances pixel
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Fig. 2. (a) The deep-learning-based realisations of a low-pass filter along with
(b) its simulated and measured S-parameters over the design frequency.

coupling effects and training resources. Reliable electrical
contact is ensured through a 10 % metal overlap. We generate
100k pixelated layouts in Keysight Advanced Design System
Momentum using a Python script and expand the dataset to
400k through rotation and mirroring. We allocate 90 % of the
dataset for training and 10 % of the dataset for validation. The
metal density follows a normal distribution (mean: 50 %, dev:
15 %), with metal coverage constrained to 10 — 80 %. The
large dataset of circuits and their S-parameters trains a deep
convolutional neural network (CNN). This CNN generates
candidate solutions evaluated in a genetic algorithm [13] to
meet target S-parameters. We train the CNN on an Nvidia
4070 Super, completing 600 epochs in 8 hours. The 600
epochs ensure sufficient exposure to diverse training input
for robust performance. The trained CNN achieves a mean
absolute validation error of 3.2%.

As illustrated in Fig. 1, the CNN is designed to process a
13x13 binary matrix as input and predict the corresponding
S-parameters. The output consists of the complex parts of
S11, S12 and Soy at 19 frequency points between 1 and
10 GHz, resulting in an output size of 114. The CNN
architecture comprises 14 convolutional layers, each with
64 filters, with filter sizes decreasing from 6x6 to 3x3.
These layers are organized into seven pairs, where each pair
integrates residual connections to both the preceding and
earlier layers, enhancing stability and accelerating convergence
[14]. The extracted features are then passed through 4
fully connected (FC) layers, each containing 2048 neurons.
To improve nonlinear modeling capabilities, Leaky ReLU
activation functions are employed, allowing small gradients
for negative inputs, while batch normalization ensures stable
training by normalizing activations at each layer [15]. The
extracted features are subsequently flattened before being
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Fig. 3. (a) EO field probe scanning over the low-pass filter. (b) Schematic of
the measurement system.

passed through the fully connected layers. To reduce overfitting
and improve generalization, dropout layers with a dropout rate
of 30 % are integrated into the fully connected layers [16].

B. Electro-Optical Electric-Field Measurements

The EO field scanner used can measure electric fields
outside radio-frequency (RF) components, up to 40 GHz.
However, due to limitations in the power amplifier driving the
device-under-test (DUT), the measurable frequency range is
restricted to 200 MHz — 10 GHz. To determine the vectorized
field components, two EO probes are employed: one for
measuring the normal component of the electric field and
another for the tangential components.

The measurement principle utilizes the Pockels effect:
when light passes through a Pockels crystal, its polarization
changes with the applied electric field strength. This change
enables measurement by analyzing light reflected at the
probe’s end, traveling back through the fiber, which is then
converted to amplitude within the EO mainframe (Emagtech
Neoscan) [17]. The resulting signal is measured using an
external instrument, here a vector network analyzer (VNA).
The probe consists predominantly of glass, thus allowing
non-intrusive measurement, and is connected by single-mode
fiber to the EO mainframe. The mainframe contains the
required laser, polarizers and photodiodes [9]. The laser
operates at 1550 nm with a spot size of approximately 8
micrometers within the Pockels crystal, which dictates the
system’s resolution. To scan across the DUT, the EO probe
is moved using a controlled xy linear stage with micron-scale
position capability (Fig. 3(a)). The EO field scanner is mounted
on an optical table with active vibration suppression.

In the measurement setup one port of the VNA is connected
to a driver amplifier that feeds into the DUT, whose output is
terminated with 50 €2. The second port of the VNA connects
to the EO mainframe and measures the resulting RF signal,
created by the electric field over the DUT (Fig. 3(b)). By using
SEO any source power variations during the measurement
are mitigated. Where ©© indicates this measurand is obtained
using the measurement system in Fig. 3(b).
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III. MEASUREMENT RESULTS AND DISCUSSION
A. Filter RF Performance

The focus of our study is a low-pass filter. The filter
was implemented on a 20-mil Rogers 4350B substrate, as
shown in Fig. 2, along with its simulated and measured
S-parameters (S7; and S3;). The simulated and measured
results demonstrate excellent agreement. The low-pass filter
exhibits a passband up to 7.0 GHz (insertion loss < 0.36 dB).
The stopband suppression exceeds 20 dB beyond 9.5 GHz.

B. Electric-Field Results and Discussion

Electric field measurements were made using a normal
(Ez) and a tangential (E'x and Ey) EO field probe. Weak RF
signals necessitate an IF bandwidth of 1 Hz to provide good
contrast. The measurement step size of 0.45 mm was half the
pixel size (0.9 mm). Fig. 4 shows the results for £z, Ey, and
Ex where the normalized amplitude of S£° in dB is given
as color map, while the background depicts the spatial photo
measuring 15.3x15.3 mm. The measured electric field (Fig.
4) can be divided into three frequency regions: passband (0.2,
7 GHz), 3-dB transition (8.2 GHz), and stopband (10 GHz).

8.2 GHz 10.0 GHz

(gp) 1amod

10.0 GHz

8
(gp) Jamod

8.2 GHz

10.0 GHz

0
=10
L ] ‘ 20
-30
“ 4 JJ o 40
50
-60

Fig. 4. Normalized measured (a) Ez, (b) Ey and (c) Ex from Sflo in dB mapped over a photo (dimension: 15.3x15.3 mm) of the filter for four frequencies.
The input and output are indicated with black arrows. The data is normalized at each frequency to maximize contrast. The orientation of x and y is indicated
in the left figures.
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In the passband region, a continuous path from
input to output is evident in Ez, confirming quasi-TEM
transmission-line behavior. All pixels along this path are
connected, with some connecting at pixel corners. A gap,
consisting of a single pixel empty area, surrounds this path,
while additional metal-filled pixels extend beyond it. This gap
and its surrounding pixels may enable slow wave propagation
via capacitive coupling to adjacent non-connected pixels.

As seen in Fig. 4(b) Ey exhibits a distinct minimum
directly above the metal path and maxima in the regions
flanking it. This field distribution reflects a quasi-TEM mode
in a stripline transmission-line, characterized by a dominant
vertical field (E'z) over the conductor with strong fringe fields
confined to the adjacent region. The reduced amplitude of E'z
in the gap, combined with the amplitude of Ey which has its
minimum above the continuous path and maximum alongside
it, mimics the field above a stripline transmission-line. The
strong reduction in Ey and Ex outside the isolated pixels
outside of the gap further supports the role of pixel derived
capacitive coupling in shaping the field. Outside the structures,
the electric field is weak and relatively uniform, with lower



frequencies showing a more uniform field distribution.

As the filter approaches the 3-dB frequency, standing
wave patterns emerge within the structure. These patterns
show alternating minima and maxima in FEz, with the
field becoming more contained towards the input of the
filter. This behavior is indicative of resonance likely arising
from capacitive coupling and metal inductance, and seems
similar to a coupled transmission-line filter, likely due to the
pixel placement allowed during the Al-algorithm, resulting
in diagonal stub-like configurations. Given the filter’s small
physical dimensions of 0.3x0.3 X at the 3-dB frequency, the
observed scale of field variations, particularly the distance
between minima and maxima, aligns with the compressed
wavelength characteristic of slow-wave propagation, which is
induced by the quasi-periodic capacitive loading and indicates
a reduced phase velocity.

Beyond the 3-dB frequency the standing wave pattern
intensifies, shifting further towards the input of the device,
resulting in less power reaching the output. Notably, the
FEy and FEx field minima/maxima exhibit partial inversion
compared to the 3-dB transition region, a phenomenon
not observed in FEz. This inversion is likely due to
impedance discontinuity, mismatch, and resonant coupling
in the stopband, causing a modal transition, created by the
structure’s quasi-periodicity and pixel coupling. The high
stopband attenuation results from resonance effects and the
structure’s inability to support the required guided modes,
causing strong reflections and destructive interference.

The emergence of structures resembling transmission-lines
without predefined geometries highlights the algorithm’s
ability to autonomously generate filter configurations.
This contrasts with [18] which starts with well-defined
transmission-lines and discretizes them into pixelated designs.

IV. CONCLUSION

Deep learning techniques can significantly expand the
EM design space by synthesizing complex structures from
pixelated binary matrices. Here, we combined Al-driven
design with experimental EO electric field measurements
to advance understanding of these novel RF circuits. A
CNN, trained on randomized layouts and their EM-simulated
S-parameters, guided the GA optimization of a low-pass
filter. EO field measurements provided spatial insights into
electric field distributions, revealing emergent phenomena
such as transmission-line like RF paths in the passband,
slow-wave propagation, standing waves at 3-dB frequencies,
and energy confinement near the input in the stopband.
These observations somewhat correspond to behaviors seen
in conventional coupled transmission-line filters. The EO
measurements highlight the frequency-dependent electric field
behavior of the Al-generated designs, offering a method to
interpret their EM behavior. Such advancements enable Al in
EM design, facilitating rapid innovation for next-generation
wireless systems.
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